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1 Introduction

Clusteringalgorithmsdivide datainto meaningfubr usefulgroups calledclustess, suchthattheintra-clustesimilarity

is maximizedand the inter-clustersimilarity is minimized. Thesediscoveredclusterscan be usedto explain the

characteristicsf theunderlyingdatadistributionandthussene & thefoundatiorfor variousdataminingandanalysis
techniguesTheapplication®f clusteringncludecharacterizationf differentcustomegroupsbasediponpurchasing
patterns,cateyorizationof documentson the World Wide Web, groupingof genesand proteinsthat have similar

functionality, groupingof spatiallocationsproneto earthqualesfrom seismologicatlata,etc

1.1 What is CLUTO

CLuTO is asoftwarepackagdor clusteringow andhigh dimensionatlatasetaindfor analyzingthecharacteristicef
thevariousclusters.

CrLuTo providesthreedifferentclassef clusteringalgorithmsthatoperateeitherdirectly in the objects feature
spaceor in the objects similarity space. Thesealgorithmsare basedon the partitional, agglomeratie, and graph-
partitioning paradigms. A key featurein mostof CLUTO’s clusteringalgorithmsis that they treatthe clustering
problemasan optimizationprocessvhich seekso maximizeor minimize a particularclustering criterion function
definedeitherglobally or locally over the entireclusteringsolutionspace.CLUTO providesa total of seven different
criterionfunctionsthatcanbeusedto drive bothpartitionalandagglomeratie clusteringalgorithmsthataredescribed
andanalyzedn [6, 5]. Most of thesecriterionfunctionshave beenshavn to producehigh quality clusteringsolutions
in high dimensionatlatasetsespeciallythosearisingin documentlustering.In additionto thesecriterionfunctions,
CLuTo providessomeof the moretraditionallocal criteria (eg., single-link, complete-link,and UPGMA) that can
beusedin the context of agglomeratie clustering.FurthermoreCLUTO providesgraph-partitioning-basedustering
algorithmsthatarewell-suitedfor finding clustersthatform contiguousregionsthat spandifferentdimensionof the
underlyingfeaturespace.

An importantaspecbf partitional-basedriterion-driven clusteringalgorithmsis the methodusedto optimizethis
criterionfunction. CLUTO usesa randomizedncrementabptimizationalgorithmthatis greedyin nature,haslow
computationatequirementsandhasbeenshavn to producehigh-qualityclusteringsolutions[6]. CLUTO’s graph-
partitioning-basedlusteringalgorithmsutilize high-qualityandefficient multilevel graphpartitioningalgorithmsde-
rived from the METIS andhMETIS graphandhypergraptpartitioningalgorithms[4, 3].

CLuTO alsoprovidestools for analyzingthe discoreredclustersto understandhe relationsbetweerthe objects
assignedo eachclusterand the relationsbetweenthe different clusters,and tools for visualizing the discovered
clusteringsolutions.CLUTO canidentify thefeatureghatbestdescribeand/ordiscriminateeachcluster Thesesetof
featureanbeusedto gainabetterunderstandingf the setof objectsassignedo eachclusterandto provide concise
summariesboutthe clusters contents. Moreover, CLUTO providesvisualizationcapabilitiesthat canbe usedto see
therelationshipdetweertheclusterspbjects,andfeatures.

CLuT0’salgorithmshave beenoptimizedfor operatingon verylargedatasetbothin termsof thenumberf objects
aswell asthenumberof dimensionsThis is especiallytruefor CLUTO’s algorithmsfor partitionalclustering.These
algorithmscan quickly clusterdatasetsvith severaltensof thousand®bjectsandseveral thousand®f dimensions.
Moreover, sincemosthigh-dimensionatiatasetgarevery sparseCLUTO directly takesinto accounthis sparsityand
requiresamemorythatis roughlylinearontheinputsize.

CLuTO’s distribution consistsof both stand-alongrogramgvcluster andscluster) for clusteringandanalyzing
theseclusters,aswell as,a library via which an applicationprogramcanaccesdirectly the variousclusteringand
analysisalgorithmsimplementedn CLuTO.

1.2 Outline of CLUTO’'s Manual

CLuTO’s manualis organizedasfollows. Section2 describethe majorchanged$rom the previousrelease Section3
describedhe stand-alon@rogramsprovided by CLUTO, anddiscussedts variousoptionsandanalysiscapabilities.
Sectiord describeshetypeof clusterghat CLuTO’s algorithmscanfind, anddiscussegheir scalability Sections de-



scribesheapplicationprogrammingnterface(API) of the stand-alondibrary thatimplementghevariousalgorithms
implementedn CLuTO. Finally, Section6 describeshe systenrequirementgor the CLUTO package.

2 Major Changes From Release 1.5

Thelatestreleaseof CLUTO containsmary majoradditionsover its earlierreleaseanda numberof minor changes.
Themajorchangesrethefollowing:

1.

CLuTO providesa new classof clusteringalgorithmsbasedon the graph-partitioningparadigmthatarewell-
suitedfor finding non-glohular clusters.

. All of CLUTO’s clusteringalgorithmshave beenextendedto operateon a usersuppliedobject-to-objecsim-

ilarity matrix. This allows CLUTO’s infrastructureto be usedfor clusteringarbitrary datasetdeg., protein
sequences3D structuresetc), providedthatthe pairwise similarity betweerthe objectscanbe computed.

. CLuTO’s agglomeratie algorithmhasbeenextendedto includethe traditionalsingle-link, complete-link,and

group-aeraganergingschemes.

. CLuTO now provideslimited supportfor Euclidean-distance baseamilarity measures.

. CLUTO cannow computea clusteringsolutionby combiningboth partitionaland agglomeratie approaches.

In this approachthe overall k-way clusteringsolutionis obtainedby first finding an m-way clusteringsolution
usingapartitionalalgorithm(m > k), andthenthefinal solutionis obtainedy usinganagglomeratiealgorithm
to combinesomeof theseclusters. This framewvork was motivatedby the CHAMELEON clusteringalgorithm
[2], andcanbeusedto find non-glolular clusters.

. CLuTO’s stand-alon@rogramsandlibrary API have beenre-designedo accommodatéhe additions.

. CLuTO’sinput routineshave beenmodifiedto automaticallydetectwhetheror notthe inputfiles aresparseor

denseAs aresult,the-denseinpubptionhasbeeneliminated.



3 Using CLUTO via its Stand-Alone Program

CLUTO providesaccesdo its variousclusteringand analysisalgorithmsvia thevcluster and scluster stand-alone
programs. The key differencebetweentheseprogramsis that vcluster takes asinput the actualmulti-dimensional
representatioof the objectsthatneedto be clustered(i.e., “v’ comesfrom vectol), whereasscluster takes asnput
the similarity matrix (or graph)betweentheseobjects(i.e., “s” comesfrom similarity). Besideghis differencepoth
programgprovide similar functionality,

Therestof this sectiondescribediow to usetheseprogramshow to interprettheir output,theformatof thevarious
inputfiles they require,andthe formatof the outputfiles they produce.

3.1 The vcluster and scluster Clustering Programs

Thevcluster andscluster programsareusedto clustera collectionof objectsinto a predeterminedumberof clusters
k. Thevcluster programtreatseachobjectasa vectorin a high-dimensionaspaceandit computeghe clustering
solutionusingoneof five differentapproachesFour of theseapproachearepartitional in nature whereaghe fifth
approachs agglomeative On the otherhand,the scluster programoperateson the similarity spacebetweenthe
objectsandcancomputethe overall clusteringsolutionusingthe samesetof five differentapproaches.

Both thevcluster andscluster programsareinvoked by providing two requiredparametersn the commandine
alongwith anumberof optionalparametersTheir overall calling sequencés asfollows:

vcluster [optionalparameters] MatrixFile  NClustes
scluster  [optionalparameters] GraphHFle  NClustes

MatrixFile is the nameof thefile that storesthe n objectsto be clustered.In vcluster, eachone of theseobjectsis
consideredo be a vectorin an m-dimensionakpace.The collectionof theseobjectsis treatedasann x m matrix,
whoserows correspondo the objects,andwhosecolumnscorrespondo the dimensionof the featurespace.The
exactformatof the matrix-file is describedn Section3.3.1. Similarly, GraphFHle, is the nameof thefile thatstores
theadjaceng matrix of the similarity graphbetweerthe n objectsto be clustered.The exactformatof the graph-file
is describedn Section3.3.2. The secondargumentfor both programs NClustes, is the numberof clustersthatis
desired.

Uponsuccessfuéxecution yvcluster andscluster displaystatisticsregardingthe quality of thecomputedtlustering
solutionandtheamountof time takento performtheclustering.Theactualclusteringsolutionis storedin afile named
MatrixFile.clustering.NClusters (or GraphFile.clustering.NClusters), whoseformatis describedn Section3.4.1.

The behaior of vcluster andscluster canbe controlledby specifyinga numberof differentoptionalparameters
(describedn subsequensections). Theseparameterganbe broadlycategorizedinto threegroups. Thefirst group
controlsvariousaspect®f theclusteringalgorithm,thesecondyroupcontrolsthetypeof analysisandreportingthatis
performednthecomputedlustersandthethird setcontrolsthevisualizationof theclusters.Theoptionalparameters
are specifiedusingthe standard-paramname or -paramname=value formats,wherethe nameof the optional
parameteparamname canbetruncatedo a uniqueprefix of theparametename.

Examples of Using vcluster and scluster  Figurel shavs the outputof vcluster for clusteringa matrix into
10 clusters.Fromthis figure we seethatvcluster initially printsinformationaboutthe matrix, suchasits name,the
numberof rows (#Rows, thenumberof columng#Column$, andthenumberof non-zerosn thematrix (#NonZeos).
Next it printsinformationaboutthevaluesof thevariousoptionsthatit usedto computethe clustering(we will discuss
thevariousoptionsin the subsequergections)andthe numberof desiredclusters(#Clustes). Onceit computeghe
clusteringsolution, it displaysinformation regardingthe quality of the overall clusteringsolution and the quality
of eachcluster The meaningof the variousmeasureshat are reportedwill be discussedn Section3.2. Finally,
vcluster reportsthe time taken by the variousphase®f the program.For this particularexample,vcluster required
0.920seconddo readtheinputfile andwrite the clusteringsolution,12.440second$o computethe actualclustering
solution,and0.220seconddo computestatisticson the quality of theclustering.

Similarly, Figure2 shows the outputof scluster for clusteringa differentdatasetnto 10 clusters.In this example



prompt% vcluster sports.mat 10
*******************************************************************************
vcluster (CLUTO 2.0) Copyright 2001-02, Regents of the University of Minnesota

Matrix Information ------------- - eeeeeeeeaaa- -
Name: sports.mat, #Rows: 8580, #Columns: 126373, #NonZeros: 1107980

[0 1o R s R e
CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 10
RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40
Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5
CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10

SOLUELON === === = = = = e e e e e e e e

0 364 +0.166 +0.050 +0.020 +0.005 |
1 628 +0.106 +0.041 +0.022 +0.007 |
2 793 +0.102 +0.036 +0.018 +0.006 |
3 754 +0.100 +0.034 +0.021 +0.006 |
4 845 +0.095 +0.035 +0.023 +0.007 |
5 637 +0.079 +0.036 +0.022 +0.008 |
6 1724 +0.059 +0.026 +0.022 +0.007 |
7 703 +0.049 +0.018 +0.016 +0.006 |
8 1025 +0.054 +0.016 +0.021 +0.006 |
9 1107 +0.029 +0.010 +0.017 +0.006 |

Timing Information -----------------ooo oo
I/0: 0.920 sec
Clustering: 12.440 sec
Reporting: 0.220 sec

(*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*O:*ﬁ*ﬁ*ﬁ*&:*O:*ﬁ*ﬁ*k*k*k*k*k*k*k*k**************************** /

Figure 1: Output of vcluster for matrix sports.mat and a 10-way clustering.

the similarity betweerthe objectswas computedasthe cosinebetweenthe objectvectors. Fromthis figure we see
that scluster initially prints informationaboutthe graph,suchasits name,the numberof vertices(#vtx9, andthe
numberof edgedn thegraph(#Edge9. Next it printsinformationaboutthe valuesof the variousoptionsthatit used
to computethe clustering,andthe numberof desiredclusters(#Clustes). Onceit computeghe clusteringsolution,
it displaysinformationregardingthe quality of the overall clusteringsolutionandthe quality of eachcluster Finally,
scluster reportsthe time taken by the variousphase®f the program.For this particularexample,scluster required
12.930secondso readtheinputfile andwrite the clusteringsolution,34.730secondso computeheactualclustering
solution,and0.610secondgo computestatisticson the quality of the clustering. Note that eventhoughthe dataset
usedby scluster containednly 32040bjects;t took almost3x moretime thanthatrequiredby vcluster to clustera
datasetvith 85800bjects.The performancalifferencebetweerthesetwo approaches dueto thefactthatscluster
operate®n thegraphthatin this examplecontainsalmost32042 edges.

3.1.1 Clustering Algorithm Parameters

Therearea total of 18 differentoptionalparametershat controlhow vcluster andscluster computethe clustering
solution. The nameandfunction of theseparameterss describedn the restof this section.Notefor eachparameter
we alsolist the program(sfor whichthey areapplicable.

-clmethod=string vcluster & scluster
This parameteselectghemethodto be usedfor clusteringthe objects.Thepossiblevaluesare:

rb In this method,the desiredk-way clusteringsolutionis computedoy performinga sequencef
k — 1 repeated bisections. In this approachthe matrix s first clusterednto two groupsthenone
of thesegroupsis selectecandbisectedurther. This processcontinuousuntil the desirechumber
of clusterds found. During eachstep,the clusteris bisectedsothattheresulting2-way clustering
solution optimizesa particularclusteringcriterion function (which is selectedusing the -crfun
parameter)Notethatthis approackensureghatthe criterionfunctionis locally optimizedwithin
eachbisection,but in generalis not globally optimized. The clusterthatis selectedfor further
partitioningis controlledby the -cstypeparameterBy default, vcluster usesthis approactio find



prompt% scluster lal.graph 10

KA AAAAA A A A A A A A A A A A A A A A A A A A A A A A A A A KK

scluster (CLUTO 2.0) Copyright 2001-02, Regents of the University of Minnesota

Graph INFOrMALION === === oo oo ..
Name: lal.graph, #Vtxs: 3204, #Edges: 10252448

[0 1o R s R
CLMethod=RB, CRfun=I2, #Clusters: 10
EdgePrune=-1.00, VtxPrune=-1.00, GrModel=SY-DIR, NNbrs=40, MinComponent=5
CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10

Solution ----------- - -

10-way clustering: [I2=6.59e+02] [3204 of 3204]

Timing INFOYMALLiON = ==== == == == oo oo oo

I/0: 12.930 sec
Clustering: 34.730 sec
Reporting: 0.610 sec

(*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*O:*ﬁ*ﬁ*ﬁ*&:*O:*ﬁ*ﬁ*k*k*k*k*k*k*k*k**************************** /

Figure 2: Output of scluster for graph lal.graph and a 10-way clustering.

thek-way clusteringsolution.

rbr In this methodthe desiredk-way clusteringsolution is computedin a fashionsimilar to the
repeated-bisectingiethodbut at the end,the overall solutionis globally optimized. Essentially
vcluster usesthe solutionobtainedby -clmethod=rbastheinitial clusteringsolutionandtriesto
furtheroptimizethe clusteringcriterionfunction.

direct In thismethodthe desiredk-way clusteringsolutionis computedby simultaneouslyinding all k
clusters.In generalcomputinga k-way clusteringdirectly is slower thanclusteringvia repeated
bisections. In termsof quality, for reasonablysmall valuesof k (usually lessthan 10-20),the
directapproacheadsto betterclustershanthoseobtainedvia repeatedisections However, ask
increasesherepeated-bisectingpproachendsto bebetterthandirectclustering.

agglo Inthismethodthedesireck-wayclusteringsolutionis computedisingtheagglomerative paradigm
whosegoalis to locally optimize(minimizeor maximize)aparticularclusteringeriterionfunction
(whichis selectedusingthe -crfun parameter)The solutionis obtainedby stoppingthe agglom-
erationprocessvhenk clustersareleft.

graph In this method,the desiredk-way clusteringsolutionis computedby first modelingthe objects
usinga nearest-neighbagraph(eachobjectbecomesa vertex, and eachobjectis connectedo
its mostsimilar otherobjects),andthensplitting the graphinto k-clustersusinga min-cutgraph
partitioningalgorithm. Note that if the graph containsmore than one connectedcomponent,
thenvcluster andscluster return a (k+ m)-way clustering solution, where mis the number
of connectedcomponentsin the graph.

The suitability of theseclusteringmethodsarein generaldomainandapplicationdependent.Section4
discusseselative meritsof the variousmethodsandtheir scalabilitycharacteristicsAlso, you canreferto
[6, 5] (whichareincludedwith CLUTO’ distribution) for a detailedcomparisonsf therb, rbr, direct and
agglo approachem the context of clusteringdocumentiatasets.

-sim=string vcluster
Selectghesimilarity functionto be usedfor clustering.Thepossiblevaluesare:



cos  Thesimilarity betweerobjectsis computedusingthe cosinefunction. Thisis the default setting.
corr  Thesimilarity betweerobjectsis computedusingthe correlationcoeficient.

dist  Thesimilarity betweerobjectsis computedo beinverselyproportionalto the Euclideandistance
betweerthe objects.This similarity functionis only applicablevhen-cimethod=gaph

Theruntimeof vcluster mayincreasdor -sim=corr, as it needso storeandoperateon thedensen x m
matrix.

-crfun=string vcluster & scluster
This parameteselectghe particularclusteringcriterionfunctionto be usedin finding the clusters A total
of seven differentclusteringcriterionfunctionsareprovidedthatareselectedy specifyingtheappropriate
integervalue.The possiblevaluesfor -crfunare:

i1 Selectghell criterionfunction.

i2 Selectghe 12 criterionfunction. Thisis the default settingfor all but the graph-basedlustering
methodwhich usesa min-cutbasectriterionfunction.

el SelectgheE1 criterionfunction.

gl Selectghe G1 criterionfunction.

glp Selectghe G1' criterionfunction.

hl SelectgheH1 criterionfunction.

h2 SelectgheH2 criterionfunction.

slink Selectghetraditionalsingle-linkcriterionfunction.
wslink  Selectsa clusterweightedsingle-linkcriterionfunction.
clink Selectghetraditionalcomplete-linkcriterionfunction.
wclink  Selectsa clusterweightedcomplete-linkcriterionfunction.

upgma SelectghetraditionalUPGMA criterionfunction.

Theprecisemathematicadefinitionof thefirst seven functionsis shavnin Tablel. Thereadeis referredo
[6] for botha detaileddescriptiorandevaluationof thevariouscriterionfunctions.Theslink, wslink clink,
weclink, andupgmacriterionfunctionscanonly be usedwithin the context of agglomeratie clustering.and
cannotbe usedfor partitionalclustering.

The wslink andwclink criterion function weredesignedor building an agglomeratie solutionon top of
an existing clusteringsolution (see-agglofrom, or -showtee options). In this context, the weight of the
“link” betweertwo clustersS andS; is setequalto the aggrgatesimilarity betweerthe objectsof S to
theobjectsin S; dividedby thetotal similarity betweertheobjectsin S | S;.

Thevariouscriterionfunctionscansometimeseadto significantlydifferentclusteringsolutions.In general,
theZ, and# criterionfunctionsleadto very goodclusteringsolutions,whereaghe £ 1 andg/1 criterion
functionsleadsto solutionsthat containclustersthat are of comparablesize. However, the choiceof the
right criterion function dependson the underlyingapplicationarea,and the usershouldperformsome
experimentatiorbeforeselectingoneappropriatdor his/herneeds.

Note thatthe computationatomplexity of theagglomeratie clusteringalgorithm(i.e., -cimethod=aglo)
depend®nthecriterionfunctionthatis selectedln particularif n is thenumberof objectsthecompleity
for 71 and?{» criterionfunctionsis O(n®), whereaghe complexity of the remainingcriterionfunctions
is O(n?logn). The highercompleity for 71 andH is dueto the factthat thesetwo criterionfunctions
aredefinedglobally over the entire solutionandthey cannotbe accuratelyevaluatedbasedon the local
combinatiorof two clusters.
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Table 1: The mathematical definition of CLUTO’s clustering criterion functions. The notation in these equations are as follows: k
is the total number of clusters, Sis the total objects to be clustered, S is the set of objects assigned to the ith cluster, n; is the
number of objects in the i th cluster, v and u represent two objects, and sim(v, u) is the similarity between two objects.

-agglofrom=int vcluster & scluster
This parametemstructsthe clusteringprogramso computea clusteringby combiningboththe partitional
andagglomeratie methods.In this approachthe desiredk-way clusteringsolutionis computedby first
clusteringthe datasetnto m clusters(m > k), andthenthe final k-way clusteringsolutionis obtainedby
melging someof theseclustersusingan agglomeratie algorithm. The numberof clustersm is the input
to this parameterThe methodusedto obtainedheagglomeratie solutionis controlledby the-agglocrfun
parameter

Thisapproachwas motivatedby thetwo-phaselusteringapproactof the CHAMELEON algorithm[2], and
was designedo allow the userto computea clusteringsolutionthat usesa differentclusteringcriterion
function for the partitioning phasefrom that usedfor the agglomeratiorphase. An applicationof such
anapproachs to allow the clusteringalgorithmto find non-glolular clusters.In this case the partitional
clusteringsolutioncanbe computediusinga criterionfunctionthatfavorsglobular clusterge g., i2’), and
thencombinetheseclustersusing a single-link approach(eg., ‘wslink’) to find non-glotular but well-
connectedlusters.Figure3 shavs two suchexamplesfor two 2D pointdatasets.

-agglocrfun=string vcluster & scluster
Thisparametecontrolsthecriterionfunctionthatis usedduringtheagglomerationvhen-agglofromoption
was specified.Thevaluesthatthis parametecantake areidenticalto thoseusedby the -crfun parameter
If -agglocrfunis not specified,then for all but the graph-partitioning-basedusteringmethodsit uses
the samecriterion function asthat usedto find the clusters. In the caseof the graph-partitioning-based
clusteringmethodsit useshe“wslink” criterionfunction.

-cstype=string vcluster & scluster
This parameteselectsthe methodthatis usedto selectthe clusterto be bisectedhext when-cimethodis
equalto “rb”, “rbr”, or“graph”. Thepossiblevaluesare:

large Selectghelargestclusterto bebisectedhext.
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Figure 3: Examples of using the -agglofrom option for two spatial datasets. The result in (a) was obtained by running ‘vclus-
ter t4.mat 6 -clmethod=graph -sim=dist -agglofrom=30" and the results in (b) was obtained by running ‘vcluster t7.mat 9 -
clmethod=graph -sim=dist -agglofrom=30'.

best

-fulltr ee=string

Selectsthe clusterwhosebisectionwill optimizethe value ofthe overall clusteringcriterion
functionthemost. Thisis thedefault option.

Note that in the caseof graph-partitioningbasedclustering,the overall criterion function is

evaluatedn termsof theratio cut, asto prevent(upto a point) thecreationof very smallclusters.
However, this methodis not 100%robust, soif you noticethatin your datasetyou aregetting
a clusteringsolutionthat containsvery large and very small clusters,you shoulduse“large”

instead.

vcluster & scluster

Builds acompletehierarchicaltreethatpreseresthe clusteringsolutionthatwas computedln this hierar
chicalclusteringsolution,the objectsof eachclusterform a subtreeandthe differentsubtreesarememged
to getanall inclusive clusterat the end. The hierarchicalagglomeratie clusteringis computedso that it
optimizesthe selectedclusteringcriterion function (specifiedby -crfun). This option shouldbe usedto
obtainahierarchicabgglomeratie clusteringsolutionfor verylarge datasets andfor re-orderingherows
of thematrix when-plotmatrixis specified Notethatthis optioncanonly be usedwith the“rb”, “rbr”, and
“direct” clusteringmethods.

-rowmodel=string

vcluster

Selectghemodelto be usedto scalethe variouscolumnsof eachrow. The possiblevaluesare:

none

maxtf

sqrt

The columnsof eachrow arenot scaledandusedasthey areprovidedin theinputfile. Thisis
thedefault setting.

Thecolumnsof eachrow arescaledsothattheir valuesarebetweerD.5and1.0. In particulay
the j th columnof theith row of thematrix (rj j) is scaledto beequalto

I’i,j

r'-=05+05————.
i + max; (ri,|)

This scalingwas motivatedby a similar scalingof documentvectorsin informationretrieval,
andit is referredio asthe MAXTFscalingscheme.

The columnsof eachrow arescaledto be equalto the square-roobf their actualvalues. That
is, ri/’j = sign(ri j)./fi,j.» wheresign(r; j) is 1.0 or -1.0, dependingon whetheror notr; j is
positive or negative. This scalingis referredto asthe SQRTscalingscheme.

The columnsof eachrow are scaledto be equalto the log of their actualvalues. Thatis,
ri j = sign(ri;j) logri,j. Thisscalingis referredio asthe LOG scalingscheme.
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Thelastthreescalingschemesre primarily usedto smoothlarge valuesin certaincolumns(i.e., dimen-
sions)of eachvector

-colmodel=string vcluster
Selectghemodelto beusedto scalethe variouscolumnsglobally acrossall therows. Thepossiblevalues
are:

none  Thecolumnsof the matrix are not globally scaled,andthey areusedasis. This is the default
settingusedby vcluster whenthe correlationcoeficient-basedimilarity functionis used.

idf Thecolumnsof thematrixarescaledaccordingo theinverse-document-&quencyIDF) paradigm,
usedin informationretrieval. In particulay if rf; is the numberof rows thattheith columnbe-
longsto, theneachentryof thei th columnis scaledby — log, (rf; /n). Theeffectof this scalingis
to de-emphasizeolumnsthatappeain mary rows. Thisis the default settingusedby vcluster
whenthe cosinesimilarity functionis used.

The global scaling of the columnsoccursafter the perrow column scalingselectedby the -rowmodel
parametehasbeenperformed.

Thechoiceof theoptionsfor both-rowmodebnd-colmodelweremotivatedby theclusteringrequirements
of high-dimensionatlatasetarisingin documentand commercialdatasets However, for otherdomains
the provided optionsmay not be sufficient. In suchdomains,the datashouldbe pre-processetb apply
the desiredrow/column model before supplyingthemto CLuTO. In that case-rowmodel=noneand -
colmodel=nonehouldprobablybeused.

-colprune=float vcluster
Selectsthe factorby which vcluster will prunethe columnsbeforeperformingthe clustering. This is a
numberp betweerD.0and1.0andindicateshefractionof the overall similarity thattheretainedcolumns
mustaccounfor. For example,if p = 0.9, vcluster first determinesiow mucheachcolumncontritutesto
the overall pairwise similarity betweenthe rows, and then selectsas mary of the highestcontributing
columnsas requiredo accountfor 90% of the similarity. Reasonable/aluesare within the rangeof
(0.8---1.0), andthe default value usedby vcluster is 1.0, indicating that no columnswill be pruned.
In general,this parameteteadsto a substantiareductionof the numberof columns(i.e., dimensions)
without seriouslyaffectingthe overall clusteringquality.

-nnbrs=int vcluster & scluster
This parametespecifiesthe numberof nearesnheighborsof eachobjectthatwill be usedin creatingthe
nearesneighborgraphthatis usedby the graph-partitioningoasedclusteringalgorithm. The exact ap-
proachof combiningthesenearest-neighbots createthe graphis controlledby the -grmodelparameter
Thedefault valuefor this parameters setto 40.

-grmodel=string vcluster & scluster
This parametecontrolsthe type of nearest-neighbaraphthatwill beconstructeanthefly andsupplied
to thegraph-partitionindpasectlusteringalgorithm.Thepossiblevaluesare:

sd Symmetric-Diect
A graphis constructedsothattherewill be an edgdetweerntwo objectsu andv if andonly if
both of themarein the nearest-neighbdists of eachother Thatis, v is oneof thennbrs o u
andvice versa.Theweightof this edgeis setequalto the similarity of the objects(or inversely
relatedto their distance) Thisis thedefault optionusedby bothvcluster andscluster.

ad Asymmetric-Diect
A graphis constructedothattherewill be an edgdetweerntwo objectsu andv aslongasone
of themis in the nearest-neighbdists of the other Thatis, v is oneof the nnbrs of u and/oru
is oneof the nnbrs o v. Theweightof this edgeis setequalto the similarity of the objects(or
inverselyrelatedto their distance).
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sl Symmetric-Link
A graphis constructedhat hasexactly thesameadjaceng structureasthat of the “sd” option.
However, theweightof eachedge(u, v) is setequalto thenumberof verticesthatarein common
in the adjaceny lists of u andv (i.e., is equalto the numberof sharednearesneighbors).We
will referto this asthelink(u, v) countbetweeru andv. This optionwas motivatedby the link
graphusedby the CURE clusteringalgorithm[1].

al Asymmetric-Link
A graphis constructedhat hasexactly thesameadjaceng structureasthatof the “ad” option.
However, theweightof eachedge(u, v) is setin afashionsimilarto “sl”.

none  Thisoptionis usedonly by scluster andindicateshattheinputgraphwill beusedasis.

-edgeprune=float vcluster & scluster
This parametecan be usedto eliminatecertainedgesfrom the nearest-neighbagraphthat will tendto
connectverticesbelongingto differentclusters.In particular if x is the suppliedparameterthenan edge
(u, v) will beeliminatedif andonly if

link(u, v) < X * nnbrs,

wherelink(u, v) is asdefinedn -grmodel=s| andnnbrsis thenumberof nearesheighboraisedin creating
thegraph.

The basicmotivation behindthis pruningmethodis thatif two verticesare part of the sameclusterthey

shouldbe part of a well-connectedsubgraph(i.e., be part of a sufiiciently large clique-like subgraph).
Consequentlytheir adjaceng lists musthave mary commonvertices. If thatdoesnot happenthenthat
edgemayhave beencreatecbecausé¢heseobjectsmatchedn non-releantaspect®f theirfeaturevectors,
orit maybe an edgéridging separatelusters.In eithercasejt canpotentiallybe eliminated.

The default value ofthis parameteis setto -1, indicating no edge-pruning.Reasonablealuesfor this
parametearewithin [0.0, 0.5] when-grmodelis ‘sd’ or ‘sl’, and[1.0, 1.5] when-grmodelis ‘ad’ or ‘al’.

Notethatthis parameteis usedonly by thegraph-partitionindpasecdclusteringalgorithm.

-vtxprune=float vcluster & scluster
This parameters usedto eliminatecertainverticesfrom the nearest-neighbaraphthattendto beoutliers.
In particulay if x is the suppliedparameterthena vertex u will be eliminatedif its degreeis lessthan
X * nnbrs. Thekey ideabehindthis method especiallywhenthe symmetriqgraphmodelsareused,is that
if aparticularvertex u is notin the thenearest-neighbdist of its nearest-neighbort)enit will mostlikely
be anoutlier.

The default value ofthis parameters setto -1, indicatingno vertex-pruning. Reasonablealuesfor this
parametearewithin [0.0, 0.5] when-grmodelis ‘sd’ or ‘sl’, and[1.0, 1.5] when-grmodelis ‘ad’ or ‘al’.
Notethatby usingrelatively largevaluesfor -edgepruneand-vtxpruneyou canobtainagraphthatcontains
mary smallconnecte@omponentsSuchcomponentsftencorrespondo tight clusteran thedatasetThis
is illustratedin Figure4. Note thatthe clusteringsolutionin this examplehas48 connectedcomponents
largerthanfive vertices,containingonly 1345out of the 85800bjects(pleasereferto Section3.2to find
outhow to interprettheseresults).

Thevertex-pruningis appliedaftertheedge-pruning hakeendone.
Notethatthis parameteis usedonly by thegraph-partitionindpasedclusteringalgorithm.

-mincomponent=int vcluster & scluster
This parameters usedto eliminatesmall connectedcomponent$rom the nearest-neighbaraphprior to
clustering. In general,if the edge-andvertex-pruningoptionsare used,the resultinggraphmay have a
largenumberof smallconnectomponentgin additionto largerones).By eliminating(i.e., notclustering)
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prompt% vcluster -rclassfile=sports.rclass -clmethod=graph -edgeprune=0.4 -vtxprune=0.4 sports.mat 1
R

vcluster (CLUTO 2.0) Copyright 2001-02, Regents of the University of Minnesota

Matrix INformation —-------- oo oo oo
Name: sports.mat, #Rows: 8580, #Columns: 126373, #NonZeros: 1107980

Options --
CLMethod=GRAPH, CRfun=Cut, SimFun=Cosine, #Clusters: 1
RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40
Colprune=1.00, EdgePrune=0.40, VtxPrune=0.40, MinComponent=5
CSType=Best, AggloFrom=0, AggloCRFun=SLINK W, NTrials=10, NIter=10

SOLULION == == === m e m i m e e

48-way clustering: [Cut=7.19e+03] [1345 of 8580], Entropy: 0.086, Purity

cid Size 1ISim ISdev ESim ESdev Entpy Purty | base bask foot hock boxi bicy golf

0 41 +0.776 +0.065 +0.000 +0.000 0.000 1.000 | 41 0 0 0 0 0 0
1 41 +0.745 +0.067 +0.000 +0.000 0.000 1.000 41 0 0 0 0 0 0
2 11 +0.460 +0.059 +0.000 +0.000 0.000 1.000 0 11 0 0 0 0 0
3 11 +0.439 +0.055 +0.000 +0.001 0.157 0.909 0 1 10 0 0 0 0
4 33 +0.426 +0.159 +0.000 +0.000 0.432 0.727 3 1 24 5 0 0 0
5 33 +0.434 +0.119 +0.000 +0.000 0.000 1.000 0 0 33 0 0 0 0
6 9 +0.410 +0.031 +0.001 +0.000 0.000 1.000 0 0 9 0 0 0 0
7 29 +0.400 +0.087 +0.000 +0.000 0.000 1.000 0 29 0 0 0 0 0
8 14 +0.402 +0.058 +0.000 +0.000 0.000 1.000 | 14 0 0 0 0 0 0
9 21 +0.399 +0.091 +0.000 +0.000 0.000 1.000 | 0 0 21 0 0 0 0
10 36 +0.381 +0.067 +0.000 +0.000 0.000 1.000 | 0 0 0 0 0 36 0
11 27 +0.375 +0.050 +0.000 +0.000 0.000 1.000 | 0 0 0 27 0 0 0
12 41 +0.370 +0.071 +0.000 +0.000 0.000 1.000 0 41 0 0 0 0 0
13 39 +0.371 +0.095 +0.000 +0.000 0.687 0.487 7 9 19 2 1 0 1
14 37 +0.366 +0.088 +0.000 +0.000 0.000 1.000 0 0 37 0 0 0 0
15 18 +0.357 +0.043 +0.000 +0.000 0.000 1.000 0 18 0 0 0 0 0
16 10 +0.351 +0.021 +0.000 +0.000 0.000 1.000 10 0 0 0 0 0 0
17 5 +0.345 +0.012 +0.000 +0.000 0.000 1.000 5 0 0 0 0 0 0
18 23 +0.345 +0.055 +0.000 +0.000 0.000 1.000 23 0 0 0 0 0 0
19 12 +0.340 +0.043 +0.000 +0.000 0.000 1.000 | 12 0 0 0 0 0 0
20 20 +0.328 +0.059 +0.000 +0.000 0.000 1.000 | 0 20 0 0 0 0
21 18 +0.323 +0.040 +0.001 +0.001 0.000 1.000 | 0 0 18 0 0 0 0
22 5 +0.316 +0.025 +0.000 +0.000 0.000 1.000 5 0 0 0 0 0 0
23 8 +0.314 +0.021 +0.000 +0.000 0.289 0.750 0 2 6 0 0 0 0
24 12 +0.321 +0.036 +0.000 +0.000 0.000 1.000 12 0 0 0 0 0 0
25 36 +0.312 +0.054 +0.001 +0.001 0.065 0.972 35 0 1 0 0 0 0
26 7 +0.305 +0.040 +0.000 +0.000 0.000 1.000 0 0 7 0 0 0 0
27 25 +0.321 +0.042 +0.000 +0.000 0.000 1.000 0 25 0 0 0 0 0
28 23 +0.309 +0.047 +0.000 +0.000 0.000 1.000 23 0 0 0 0 0 0
29 41 +0.297 +0.056 +0.001 +0.001 0.000 1.000 41 0 0 0 0 0 0
30 20 +0.293 +0.053 +0.000 +0.000 0.000 1.000 | 0 20 0 0 0 ) 0
31 30 +0.294 +0.068 +0.000 +0.000 0.000 1.000 | 30 0 0 0 0 0 0
32 14 +0.280 +0.032 +0.000 +0.000 0.000 1.000 | 0 0 0 0 0 0 14
33 37 +0.290 +0.054 +0.000 +0.000 0.000 1.000 0 0 0 37 0 ) 0
34 45 +0.273 +0.097 +0.000 +0.000 0.000 1.000 0 0 0 0 45 0 0
35 22 +0.257 +0.046 +0.000 +0.000 0.000 1.000 0 0 0 0 0 0 22
36 36 +0.267 +0.064 +0.000 +0.000 0.406 0.556 1 15 20 0 0 0 0
37 34 +0.251 +0.075 +0.000 +0.000 0.068 0.971 33 1 0 0 0 0 0
38 31 +0.249 +0.065 +0.000 +0.000 0.146 0.935 0 29 1 1 0 0 0
39 36 +0.247 +0.062 +0.000 +0.000 0.000 1.000 0 36 0 0 0 0 0
40 26 +0.255 +0.088 +0.000 +0.000 0.000 1.000 | 26 0 0 0 0 0 0
41 20 +0.241 +0.046 +0.000 +0.000 0.000 1.000 | 0 0 0 0 0 0 20
42 26 +0.236 +0.083 +0.000 +0.000 0.000 1.000 | 0 26 0 0 0 0 0
43 5 +0.297 +0.081 +0.000 +0.000 0.000 1.000 | 0 0 0 5 0 0 0
44 36 +0.170 +0.053 +0.000 +0.000 0.000 1.000 0 0 0 0 0 36 0
45 84 +0.145 +0.046 +0.000 +0.001 0.000 1.000 0 0 84 0 0 0 0
46 64 +0.147 +0.055 +0.000 +0.001 0.000 1.000 0 0 64 0 0 0 0
47 93 +0.111 +0.047 +0.000 +0.000 0.504 0.527 37 2 49 3 2 0 0
Timing INFOXMAELION === == === f oo .
1/0: 5.680 sec
Clustering: 17.480 sec
Reporting: 0.050 sec

ek ok ko ok ko ko ok ko kK ok ko ko kK ok ok ko ko ok ko kK ok ok ko ko ok ko ko ko ok ko ko ko ok ke ko Rk

Figure 4: Output of vcluster for matrix sports.mat using 0.4 for edge- and vertex-prune.
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the smallercomponentgliminatessomeof the clutterin the resultingclusteringsolution,andit removes
someadditionaloutliers. The default valuefor this parameters setto five.

Notethatthis parameteis usedonly by thegraph-partitionindasedlusteringalgorithm.

-ntrials=int vcluster & scluster
Selectghe numberof differentclusteringsolutionsto be computedy the variouspartitionalalgorithms.
If | is thesuppliednumberthenvcluster andscluster computestotal of | clusteringsolutions(eachone
of themstartingwith a differentsetof seedobjects)andthenselectghe solutionthathasthe bestvalue of
thecriterionfunctionthatwas used.The default valuefor vcluster is 10.

-niter=int vcluster & scluster
Selectghe maximumnumberof refinemeniterationsto be performedwithin eachclusteringstep. Rea-
sonablevaluesfor this parameteiare usuallyin the rangeof 5-20. This parametemlppliesonly to the
partitionalclusteringalgorithms.Thedefault valueis setto 10.

-seed=int vcluster & scluster
Selectghe seedof therandom numbegeneratoto be usedby vcluster andscluster.

3.1.2 Reporting and Analysis Parameters

Thereareatotal of 13 differentoptionalparameterthatcontroltheamountof informationthatvcluster andscluster
reportaboutthe clustersaswell as,theanalysishatthey performonthediscoveredclusters.The nameandfunction
of theseparameterss asfollows:

-nooutput vcluster & scluster
Specifieghatvcluster andscluster shouldnotwrite the clusteringvectorand/oragglomeratie treesonto
thedisk.

-clustfile=string vcluster & scluster

Specifieghe nameof the file ontowhich the clusteringvectorshouldbe written. The formatof this file
is describedn Section3.4.11f this parametelis not specified,then the clusteringvectoris written to
the MatrixFile.clusteringNClustes (GraphHle.clusteringNClustes) file, where MatrixFile (GraphFHle)
is thenameof thefile thatstoreshe matrix (graph)to beclusteredandNClustes is the numberof desired
clusters.

-tr eefile=string vcluster & scluster
Specifieghe nameof thefile ontowhichthehierarchicabhgglomeratie treeshouldbewritten. Thistreeis
createckitherwhen-clmethod=aglo, or when-fulltreewas specified. Theformatof thisfile is describedn
Section3.4.2. By default, thetreeis written in thefile MatrixFile.tree(GraphFHle.treg, whereMatrixFile
(GraphHle) isthe nameof thefile storingtheinput matrix (graph).

-cltr eefile=string vcluster & scluster
Specifieghe nameof thefile ontowhich the hierarchicabgglomeratie treebuild ontop of the clustering
solution shouldbe written. This treeis createdeither when -showtee was specified. The format of
thisfile is describedn Section3.4.2. By default, thetreeis written in the file MatrixFile.cltreeNClustes
(GraphHle.cltreeNClustes) , whereMatrixFile (GraphHle) isthenameof thefile storingtheinputmatrix
(graph),andNClustes is the numberof desiredclusters.

-clabelfile=string vcluster
Specifiesthe nameof the file that storesthe labelsof the columns. The labelsof the columnsare used
for reportingpurposesvhenthe -showfeatuesor the -labeltree optionsare specified. The format of this
file is describedn Section3.3.4. If this parameteis not specified,vcluster looksto seeif a file called
MatrixFile.clabelexists,andif it does readshisfile, instead.If nofile is providedor the defaultfile does
notexist, thenthelabelof the j th columnbecomescol” (i.e., it is labeledby its correspondingolumn-id).

15



-rlabelfile=string vcluster & scluster

Specifieghe nameof thefile thatstoresthe labelsof therows (vertices).Thelabelsof the rows (vertices)
areusedfor reportingpurposesvhenthe -plotmatrixor the -plotsmatrixoptionsarespecified.Theformat
of thisfile is describedn Section3.3.3.If this parameters not specifiedyvcluster (scluster) looksto see
if afile calledMatrixFile.rlabel (GraphHle.rlabel) exists,andif it does readshisfile, insteadIf nofile is

providedor thedefaultfile doesnotexist, thenthelabelof the jth row or vertex becomesrowj” (i.e., it is

labeledby its correspondingow-id).

-rclassfile=string vcluster & scluster

Specifiesthe nameof the file that storesthe class-labelof the rows (vertices)(i.e., the objectsto be
clustered). This is usedby vcluster (scluster) to computethe quality of the clusteringsolution using

externalquality measureandto outputhow the objectsof differentclassearedistributedamongclusters.
Theformatof thisfile is describedn Section3.3.5. If this parameters not specifiedycluster (scluster)

looksto seeif afile calledMatrixFile.rlabel (GraphHle.rlabel) exists,andif it doesreadghisfile, instead.
If nofile is providedor thedefaultfile doesnotexist, vcluster andscluster assumehattheclasslabelsof

theobjectsarenotknown anddo not performary clusterquality analysishasedn externalmeasures.

-showfeatures vcluster

This parameteinstructsvcluster to analyzethe discoseredclustersandidentify the setof featureq(i.e.,
columnsof thematrix)thataremostdescriptie of eachclusterandthe setof featureghatbestdiscriminate
eachclusterfrom the restof the objects. The setof descriptivefeaturesis determinedby selectingthe
columnsthatcontritute themostto the averagesimilarity betweerthe objectsof eachcluster On theother
hand thesetof discriminatingfeaturess determinedy selectinghecolumnghataremoreprevalentin the
clustercomparedo therestof theobjects.In generaltherewill bealarge overlapbetweerthedescriptie
anddiscriminatingfeatures. However, in somecasegheremay be certaindifferencesgspeciallywhen
-colmodel=none This analysiscanonly be performedwhenthe similarity betweenobjectsis computed
usingthe cosineor correlationcoeficient.

-nfeatures=int vcluster

Specifieshenumberof descriptive anddiscriminatingfeaturedo displayfor eachclusterwhenthe
-showfeatuesor -labeltreeoptionsareused.The default valuefor this parameters five (5).

-showtr ee vcluster & scluster

This parametemstructsvcluster andscluster to build anddisplayahierarchicahgglomeratietreeontop
of the clusteringsolutionthatwas obtained.This treewill have NClustes leaves,eachonecorresponding
to oneof the discoreredclusters,andprovidesa way of visualizinghow the differentclustersarerelated
to eachother Thecriterionfunctionusedin building this treeis controlledby the -agglocrfunparameter
If this parameters not specifiedthenthe criterionfunctionusedto build the clusteringsolutionis usedfor
all methodexcept-clmethod=gaph, for whichthewslinkis used.

-labeltree vcluster & scluster

-ZSColes

This parameteinstructsvcluster andscluster to labelthe nodesof the treewith the setof featureshat
bestdescribethe correspondinglusters. The methodusedfor determiningthesefeaturess identicalto
thatusedin -showfeatues Notethatthe descriptve featuredor boththeleaves (i.e., original clusters) as
well as,theinternalnodesof thetreearedisplayed.The numberof featureghatis displayeds controlled
by the -nfeatues parameter This analysiscanonly be performedwhenthe similarity betweenobjectsis
computedisingthe cosineor correlationcoeficient.

vcluster & scluster
This parameteinstructsvcluster andscluster to analyzeeachclusterandfor eachobjectto outputthe
z-scoreof its similarity to the otherobjectsin its own cluster(internalz-score),aswell as,the objectsof
the differentclusters(externalz-score). The variousz-scorevaluesarestoredin the clusteringfile whose
formatis describedn Section3.4.1.
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Theinternalz-scoreof anobject| thatis partof thelth clusteris given by (sJ! —uh)/a!, wheres} is the

averagesimilarity betweerthe jth objectandtherestof the objectsin its cluster u |' is the averageof the

varioussjl valuesover all theobjectsin thelth, ando,' is the standardieviation of thesesimilarities.

The externalz-scoreof an object j thatis partof thelth clusteris given by (sF — 1)/0}F, wheres®
is the averagesimilarity betweernthe jth objectandthe objectsin the otherclusters,u |E is the average
of the varioussjE valuesover all the objectsin thelth cluster andolE is the standarddeviation of these
similarities.

Objectsthat have large valuesof the internalz-scoreandsmall valuesof the externalz-scorewill tendto
form thecore of their clusters.

-help vcluster & scluster
This optionsinstructsvcluster to print a shortdescriptionof thevariouscommandine parameters.

3.1.3 Cluster Visualization Parameters

Thevcluster andscluster clusteringprogramscanalsoproducevisualizationsof the computectlusteringsolutions.
Thesevisualizationsarerelatively simpleplots of the original input matrix that shawv how the differentobjects(i.e.,
rows) andfeaturedi.e., columns)areclusteredogether

Thereareatotal of nineoptionalparameterthatcontrolthetype of visualizationthatvcluster performs.Thename
andfunctionof theseparameterss asfollows:

-plotformat=string vcluster & scluster
Selectghe formatof the graphicdfiles producedy thevisualizations. The possiblevaluesfor this option
are:
ps Outputsanencapsulatedostscript file. Thisis thedefaultoption.

fig Outputsthe visualizationin a formatthatis compatiblewith the Unix XFig program. This file
canthenbeeditedwith XFig.

ai Outputsthevisualizationin aformatthatis compatiblewith the Adobelllustratorprogram.This
file canthenbeeditedwith lllustratoror otherprogramghatunderstandhis format(eg., Visio).

svg Outputsthevisualizationin the XML-basedScalablevectorFormatthatcanbe viewed by mod-
ernweb-bravsers(if theappropriatglug-inis installed).

cgm Outputsthevisualizationin the WebCGMformat.

pcl Outputsthevisualizationin HP’s PCL 5 formatusedby mary laserjetor compatibleprinters.
gif Outputsthevisualizationin widely usedGIF bitmapformat.
-plottr ee=string vcluster & scluster

Produces graphicrepresentationf theentirehierarchicatreeproducedvhen-cimethod=a&glo or when
the-fulltreeoptionwas specified.Theleaves of thistreearelabeledbasedon the suppliedrow labels(i.e.,
via the-rlabelfile parameter).

-plotmatrix=string vcluster
Producesvisualizationthatshovs how therows of the original matrix areclusteredogether Thisis done
by shaving an appropriaterow- andpossiblya column-permutatiof the original matrix, alongwith a
colorintensityplot of the variousvaluesof the matrix. The actualvisualizationis storedin thefile whose
nameis suppliedasanoptionto -plotmatrix

1sometimesyvhile trying to corvert the postscriptfiles generatecby CLUTO into PDFformat using Adobes distiller you may notice thatthe
text is notincludedin the PDFfile. To correctthis problemreconfigureyour distiller notto includetruetypefontswhentherequiredtext font is part
of the standarcpostscriptfonts.
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In this matrix permutationthe rows of the matrix assignedo the sameclusterare re-orderedo be at

consecutre rows, followed by a reorderingof the clusters. The actualorderingof the rows andclusters
dependwon whetherthe -fulltree parametemwas specified. If it was not specified,thenthe clustersare
orderedaccordingto their clusterid number andwithin eachclusterthe rows are numberedaccording
to the row-id number However, if -fulltree was specified,both the rows andthe clustersarere-ordered
accordinghe hierarchicatreecomputedy -fulltree In additionto that,theactualtreeis drawvn alongthe

sideof thematrix.

If the input matrix is in denseformat, then-plotmatrix displaysthe columns,in column-idorder If the-
clustecolumnsoptionwas specifiedthenthecolumnsarere-orderedccordingo a hierarchicaklustering
solutionof thecolumns.

If the matrix is sparseonly a subsetof the columnsis displayed,that correspondso the union of the
descriptve anddiscriminatingfeaturesof eachclustercomputedy -showfeatues Thenumberof features
from eachclusterthatis includedin thatunioncanbe controlledby the -nfeatuesparameterAgain, the
columnscanbedisplayedn eitherthecolumn-idorderor if the-clustecolumnsoptionwas specifiedthen
the columnsarere-orderedgccordingo a hierarchicaklusteringsolutionof the columns.

The labelsprintedalongeachrow andcolumnof the matrix canbe specifiedby usingthe -rlabelfile and
-clabelfilg respectiely.

Theplot usesredto denotepositive valuesandgreento denotenegative values.Bright red/greerindicate
large positive/neyative values whereasolorscloseto white indicatevalues closeo zero.

-plotsmatrix=string vcluster & scluster
This visualizationis similar to that producedby -plotmatrix but was designedo visualizethe similarity
graph.In this plot, boththe rows andcolumnsof the displayedvisualizationcorrespondo the verticesof
thegraph.

-plotclusters=string vcluster

Produces visualizationthatshavs how theclustersarerelatedto eachother by shawving a color-intensity
plot of the variousvaluesin the variousclustercentroidvectors. The actualvisualizationis storedin the
file whosenameis suppliedasanoptionto -plotclustes.
The producedvisualizationis similar to that producedby -plotmatrix but now only NClustes rows are
shown, onefor eachcluster Theheightof eachrow is proportionako thelog of thecorrespondinglusters
size. The orderingof the clustersis determinecby computinga hierarchicalclustering(similar to that
producedria -showteé), andthe orderingof the columnsis controlledby the -clustecolumngparameter

Thecolumnselectiormechanisnandcolor-schemereidenticalto thatusedby -plotmatrix

-plotsclusters=string vcluster & scluster
This visualizationis similar to that produceddy -plotclustes but wasdesignedo visualizethe similarity
betweerthe clusters.In this plot, boththe rows andcolumnsof the displayedvisualizationcorrespondo
thegraphclusters.

-clustercolumns vcluster
Instructsvcluster to computea hierarchicatlusteringof thecolumnsandto reordethemwhen-plotmatrix
and-plotclustesis specified. Thiscanbeusedo generatavisualizationn whichthefeaturesareclustered
together

-noreorder vcluster & scluster
Instructsvcluster andscluster notto try to producea visually pleasingreorderingof the varioushierar
chicaltreesthatis drawing. This optionis turnedoff by defaultif thenumberof objectsthatareclustered
is greaterthan4000.

-zeroblack vcluster & scluster
Instructsvcluster andscluster to useblackcolorfor denotingzero(or smallvalues)in the matrix.
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3.2 Understanding the Information Produced by CLuTO’s Clustering Programs

Fromthe descriptionof vcluster's andscluster’'s parametersve canseethatthey canoutputa wide-rangeof infor-
mationandstatisticsaboutthe clusterghatthey find. In therestof this sectionwe describeheformatandmeaningof
thesestatistics.Mostof ourdiscussiorwill focusonvcluster’'soutput,sinceit is similarto thatproducedy scluster.

3.2.1 Internal Cluster Quality Statistics

Thesimplerstatisticsreportedby vcluster & scluster have to dowith the quality of eachclusterasmeasuredby the
criterionfunctionthatit usesandthe similarity betweerthe objectsin eachcluster In particulay as the examplein
Figurel shaws, the“ Solutiori sectionof vcluster’s outputdisplaysinformationaboutthe clusteringsolution.

Thefirst statisticthatit reportsis the overall value ofthe criterion functionfor the computedclusteringsolution.
In our example,thisis reported as12=2.29e+03", whichis thevalue oftheZ, criterionfunctionof theresulting
solution. If a differentcriterion function is specified(by usingthe -crfun option), thenthe overall clusterquality
informationwill bedisplayedwith respecto thatcriterionfunction. In the sameline, bothprogramsalsodisplayhow
mary of the original objectsthey wereableto cluster(i.e., “ [8204 of 8204]"). In generalbothvcluster and
scluster try to clusterall objects.However, whensomeof the objects(vertices)do not shareary dimensiongedges)
with therestof theobjectsor whenthevariousedge-andvertex-pruningparameterareused bothprogramsnayend
up clusteringfewer thanthetotal numberof input objects.

After that,vcluster thendisplaysatablein which eachrow containsvariousstatisticsfor eachoneof the clusters.
The meaningof the columnsof this tableis asfollows. The columnlabeled‘cid” correspondso the clusternumber
(or clusterid). The columnlabeled“Size” displaysthe numberof objectsthat belongsto eachcluster The column
labeled“ISim” displaysthe averagesimilarity betweenthe objectsof eachcluster(i.e., internal similarities). The
columnlabeled‘ISdev” displaysthe standarddeviation of theseaverageinternal similarities(i.e., internalstandard
deviations). The columnlabeled“ESim” displaysthe averagesimilarity of the objectsof eachclusterandthe rest
of the objects(i.e., externalsimilarities). Finally, the columnlabeled“ESdes” displaythe standardieviation of the
externalsimilarities(i.e., externalstandardieviations).

Note that the discoveredclustersare orderedin increasing(ISIM-ESIM) order In otherwords, clustersthatare
tight andfar away from therestof the objectshave smallercid values.

3.2.2 External Cluster Quality Statistics

In additionto theinternalclusterquality measuresycluster & scluster canalsotake into accouninformationabout
the classeghatthe variousobjectsbelongto (via the -rclassfileoption)andcomputevariousstatisticsthatdetermine
the quality of the clustersusingthatinformation. Thesestatisticsareusuallyreferredto asexternal quality measues
asthequality is determinedy looking atinformationthatwas not usedwhile finding the clusteringsolution.

Figure 5 shavs the output of vcluster when sucha classfile is provided for our example sports.matdataset.
This datasetontainsvariousdocumentshat talkaboutseven differentsports(baseballpasletball, football, hockey,
boxing,bicycling, andgolfing),andeachdocumenti.e., objectto be clusteredpelongsto oneof thesetopics. Once
vcluster finds the 10-way clusteringsolution, it then useghis classinformationto analyzeboth the quality of the
overall clusteringsolutionaswell asthe quality of eachcluster

Looking at Figure5 we canseethatvcluster, in additionto the overall value ofthe criterionfunction,now prints
the entropy andthe purity of the clusteringsolution. For the exactformulaof how the entrofy andpurity of theclus-
teringsolutionis computedpleasereferto [6]. Smallentrofy valuesandlarge purity valuesindicategoodclustering
solutions.

In additionto thesemeasuresthe clusterinformationtablenow containstwo additionalsetsof information. The
first setis the entropy and purity of eachclusterandis displayedin the columnslabeled“Entpy” and“Purty”, re-
spectvely. Thesecondsetis informationabouthow the differentclassesaredistributedin eachoneof the clusters.
This informationis displayedin the last seven columnsof this table,whosecolumnlabelsarederived from the first
four characters$f the classnames.Thatis “base” correspond$o baseball;'bask” correspondso basletball,andso
on. Eachcolumnshawvs the numberof document®f this classthatarein eachcluster For example thefirst cluster
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prompt% vcluster -rclassfile=sports.rclass sports.mat 10

P L L R R L R R R R R R L 24

vcluster (CLUTO 2.0) Copyright 2001-02, Regents of the University of Minnesota

Matrix Information ----------- oo
Name: sports.mat, #Rows: 8580, #Columns: 126373, #NonZeros: 1107980

Options ----------m -
CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 10
RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40
Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5
CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10

Solution

10-way clustering: [I2=2.29e+03] [8580 of 8580], Entropy: 0.164, Purity: 0.874

0 364 +0.166 +0.050 +0.020 +0.005 0.018 0.995 ‘ 0 362 2 0 0 0 0
1 628 +0.106 +0.041 +0.022 +0.007 0.006 0.998 ‘ 627 0 1 0 0 0 0
2 793 +0.102 +0.036 +0.018 +0.006 0.020 0.995 ‘ 1 1 1 789 0 0 1
3 754 +0.100 +0.034 +0.021 +0.006 0.010 0.997 ‘ 0 1 752 0 0 0 1
4 845 +0.095 +0.035 +0.023 +0.007 0.023 0.993 | 839 0 5 0 1 0 0
5 637 +0.079 +0.036 +0.022 +0.008 0.012 0.997 ‘ 0 635 1 1 0 0 0
6 1724 +0.059 +0.026 +0.022 +0.007 0.016 0.996 ‘ 1717 3 3 1 0 0 0
7 703 +0.049 +0.018 +0.016 +0.006 0.767 0.458 ‘ 30 24 122 4 118 83 322
8 1025 +0.054 +0.016 +0.021 +0.006 0.026 0.992 ‘ 6 2 1017 0 0 0 0
9 1107 +0.029 +0.010 +0.017 +0.006 0.678 0.399 ‘ 192 382 442 14 3 62 12
Timing IREOTMALION == === === == o oo m oo

1/0: 1.500 sec

Clustering: 12.540 sec

Reporting: 0.230 sec

Q*********************“**************************H**HHHHH*“HHHHH /

Figure 5: Output of vcluster for matrix sports.mat and a 10-way clustering that uses external quality measures.

contains360documentaboutbasletball,andtwo documentaboutfootball. Looking at this class-distrilation table,
we caneasilydeterminghe quality of the differentclusters.

3.2.3 Looking at each Cluster’ s Features

By specifyingthe-showfeatuesoption,vcluster will analyzeeachoneof theclustersanddeterminehesetof features
(i.e., columnsof the matrix) that bestdescribeanddiscriminateeachoneof the clusters.Figure6 shavs the output
produceddy vcluster when-showfeatueswas specifiedandwhena file was providedwith the labelsof eachoneof
the columns(via the-clabelfileoption).

Looking at this figure, we canseethatthe setof descriptve anddiscriminatingfeaturesare displayedright after
thetablethatprovidesstatisticsfor the variousclusters.For eachcluster vcluster displaysthreelinesof information.
Thefirst line containssomebasicstatisticsfor eachcluster(eg., cid, Size,ISim, ESim),whosemeanings identical
to thosedisplayedin the earliertable. The secondine containsthe five mostdescriptie featureswhereashe third
line containsthe five mostdiscriminatingfeatures.The featuresin theselists aresortedin decreasinglescriptie or
discriminatingorder Thereasornthat five featuresare printedis becausehis is the default valuefor the -nfeatues
parameterfewer or morefeaturescanbedisplayedby settingthis parameteappropriately

Rightnext to eachfeature ycluster displaysanumbeithatin thecaseof thedescriptvefeaturess thepercentagef
thewithin clustersimilarity thatthis particularfeaturecanexplain. For example for the Oth cluster thefeature*war-
rior” explains38.4%o0f the averagesimilarity betweerthe objectsof the Oth cluster A similar quantityis displayed
for eachoneof the discriminatingfeaturesandis the percentagef the dissimilarity betweerthe clusterandtherest
of theobjectswhichthis featurecanexplain. In generathereis alargeoverlapbetweerdescriptve anddiscriminating
featureswith the only differencebeingthatthe percentageassociatedavith the discriminatingfeaturesaretypically
smallerthanthe correspondingercentagesf thedescriptve features Thisis becaussomeof thedescriptve features
of aclustermayalsobepresentn asmallfractionof the objectsthatdo not belongto this cluster

If no labelsfor the differentcolumnsare provided, vcluster outputsthe columnnumberof eachfeatureinstead
of its label. Thisis illustratedin Figure7 for the sameproblemin which -clabelfilewas not specified.Note thatthe
columnsarenumberedrom one.
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prompt% vcluster -rclassfile=sports.rclass -clabelfile=sports.clabel -showfeatures sports.mat 10
kA A A A A A A A A A A A A A A A A A A A A A A A A A A A A KKK,

vcluster (CLUTO 2.0) Copyright 2001-02, Regents of the University of Minnesota

Matrix INEOXMAELON === === === === oo oo oo oo
Name: sports.mat, #Rows: 8580, #Columns: 126373, #NonZeros: 1107980

[0 <o R s R
CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 10
RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40
Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5
CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10

SOLULION === m == m e m i m e e e

[I2=2.29e+03] [8580 of 8580],

10-way clustering:

cid Size 1ISim ISdev ESim ESdev Entpy Purty | base bask foot hock boxi bicy golf

0 364 +0.166 +0.050 +0.020 +0.005 0.018 0.995 ‘ 0 362 2 0 0 0 0
1 628 +0.106 +0.041 +0.022 +0.007 0.006 0.998 ‘ 627 0 1 0 0 0 0
2 793 +0.102 +0.036 +0.018 +0.006 0.020 0.995 ‘ 1 1 1 789 0 0 1
3 754 +0.100 +0.034 +0.021 +0.006 0.010 0.997 ‘ 0 1 752 0 0 0 1
4 845 +0.095 +0.035 +0.023 +0.007 0.023 0.993 ‘ 839 0 5 0 1 0 0
5 637 +0.079 +0.036 +0.022 +0.008 0.012 0.997 | 0 635 1 1 0 0 0
6 1724 +0.059 +0.026 +0.022 +0.007 0.016 0.996 | 1717 3 3 1 0 0 0
7 703 +0.049 +0.018 +0.016 +0.006 0.767 0.458 | 30 24 122 4 118 83 322
8 1025 +0.054 +0.016 +0.021 +0.006 0.026 0.992 | 6 2 1017 0 0 0 0
9 1107 +0.029 +0.010 +0.017 +0.006 0.678 0.399 | 192 382 442 14 3 62 12

Cluster 0, Size: 364, ISim: 0.166, ESim: 0.020
Descriptive: warrior 38.4%, hardawai 6.8%, mullin 6.1%, nelson 4.3%, richmond 4.1%
Discriminating: warrior 26.9%, hardawai 4.9%, mullin 4.3%, richmond 2.8%, g 2.7%

Cluster 1, Size: 628, ISim: 0.106, ESim: 0.022
Descriptive: canseco 9.0%, henderson 7.5%, russa 6.3%, la 3.8%, mcgwire 3.2%
Discriminating: canseco 7.5%, henderson 5.9%, russa 5.3%, la 2.6%, mcgwire 2.6%

Cluster 2, Size: 793, ISim: 0.102, ESim: 0.018
Descriptive: shark 22.4%, goal 9.4%, nhl 4.4%, period 3.4%, penguin 1.6%
Discriminating: shark 17.1%, goal 6.0%, nhl 3.4%, period 2.3%, giant 1.5%

Cluster 3, Size: 754, ISim: 0.100, ESim: 0.021
Descriptive: yard 35.9%, pass 7.7%, touchdown 6.4%, td 2.6%, kick 2.0%
Discriminating: yard 28.2%, pass 5.3%, touchdown 5.0%, td 2.2%, kick 1.5%

Cluster 4, Size: 845, ISim: 0.095, ESim: 0.023
Descriptive: giant 20.7%, mitchell %, craig 3.3%, mcgee 2.4%, clark 2.0%
Discriminating: giant 15.6%, mitchell %, craig 2.5%, mcgee 2.2%, yard 1.9%

Cluster 5, Size: 637, ISim: 0.079, ESim: 0.022
Descriptive: score 4.2%, laker 4.1%, rebound 3.5%, nba 2.5%, bull 2.2%
Discriminating: laker 3.5%, rebound 2.7%, nba 2.1%, bull 2.0%, giant 1.9%

Cluster 6, Size: 1724, ISim: 0.059, ESim: 0.022
Descriptive: in 5.6%, hit 5.2%, homer 2.6%, run 2.4%, sox 2.2%
Discriminating: in 4.1%, hit 3.4%, yard 2.8%, sox 2.1%, homer 1.8%

Cluster 7, Size: 703, ISim: 0.049, ESim: 0.016
Descriptive: box 27.6%, golf 4.5%, hole 3.4%, round 2.9%, par 2.5%
Discriminating: box 19.3%, golf 3.8%, hole 2.8%, par 2.1%, round 1.8%

Cluster 8, Size: 1025, ISim: 0.054, ESim: 0.021
Descriptive: seifert 3.9%, montana 3.6%, raider 2.6%, quarterback 1.9%, lott 1.9%
Discriminating: seifert 4.4%, montana 3.9%, raider 2.5%, lott 2.1%, in 1.7%

Cluster 9, Size: 1107, ISim: 0.029, ESim: 0.017
Descriptive: school 2.5%, santa 2.4%, football 1.8%, coach 1.6%, clara 1.6%
Discriminating: school 2.5%, santa 2.4%, yard 1.7%, in 1.6%, clara 1.6%

Timing INFOYMALLiON === == === === m oo oo oo

I/0: 1.670 sec
Clustering: 12.840 sec
Reporting: 0.710 sec
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Figure 6: Output of vcluster for matrix sports.mat and a 10-way clustering that shows the descriptive and discriminating features
of each cluster.
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prompt% vcluster -rclassfile=sports.rclass -showfeatures sports.mat 10
N L T

vcluster (CLUTO 2.0) Copyright 2001-02, Regents of the University of Minnesota

Matrix INFOrMAtion ==== == === oo
sports.mat,

Name : #Rows: 8580, #Columns: 126373, #NonZeros: 1107980

Options
CLMethod=RB, CRfun=I2, SimFu osine, #Clusters: 10
RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40
Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5

CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10

SOLULLON === === = = = = = = e e e e e e e oo

.29e+03] [8580 of 8580], Entropy: 0.164, Purity:

Figure 7: Output of vcluster for matrix sports.mat and a 10-way clustering that shows the descriptive and discriminating features

of each cluster.

Cluster 0, Size 364, ISim: 0.166, ESim: 0.020
Descriptive: co0l02843 38.4%, col06054 6.8%, col03655 6.1%, col01209 4.3%, colll248 4.1%
Discriminating: co0l02843 26.9%, col06054 4.9%, col03655 4.3%, colll248 2.8%, col20475 2.7%
Cluster 1, Size: 628, ISim: 0.106, ESim: 0.022
Descriptive: coll8174 9.0%, colll733 7.5%, coll8183 6.3%, col01570 3.8%, col26743 3.2%
Discriminating: col18174 7.5%, colll733 5.9%, coll18183 5.3%, col01570 2.6%, col26743 2.6%
Cluster 2, Size: 793, ISim: 0.102, ESim: 0.018
Descriptive: c0l04688 22.4%, col00134 9.4%, col04423 4.4%, col02099 3.4%, col04483 .6%
Discriminating: co0l04688 17.1%, col00134 6.0%, col04423 3.4%, col02099 2.3%, col0l1536 5%
Cluster 3, Size: 754, ISim: 0.100, ESim: 0.021
Descriptive: col00086 35.9%, col00091 7.7%, col00084 6.4%, col01091 2.6%, col00132 .0%
Discriminating: co0l00086 28.2%, col00091 5.3%, col00084 5.0%, col01091 2.2%, col00132 .5%
Cluster 4, Siz 845, ISim: 0.095, ESim: 0.023
Descriptive: co0l01536 20.7%, col04716 4.8%, col04640 3.3%, col03838 2.4%, col01045 .0%
Discriminating: col01536 15.6%, col04716 4.3%, col04640 2.5%, col03838 2.2%, col00086 9%
Cluster 5, Size: 637, ISim: 0.079, ESim: 0.022
Descriptive: co0l00085 4.2%, coll0737 4.1%, col00541 3.5%, col03412 2.5%, col00597 .2%
Discriminating: co0l110737 3.5%, col00541 2.7%, col03412 2.1%, col00597 2.0%, col01536 .9%
Cluster 6, Size: 1724, ISim: 0.059, ESim: 0.022
Descriptive: col04265 5.6%, col00281 5.2%, coll3856 2.6%, col00340 2.4%, col01362 .2%
Discriminating: co0l04265 4.1%, col00281 3.4%, col00086 2.8%, col01362 2.1%, coll3856 .8%
Cluster 7, Size: 703, ISim: 0.049, ESim: 0.016
Descriptive: co0l00351 27.6%, col01953 4.5%, col00396 3.4%, col00532 2.9%, coll6968 .5%
Discriminating: co0l00351 19.3%, col01953 3.8%, col00396 2.8%, coll6968 2.1%, col00532 8%
Cluster 8, Size: 1025, ISim: 0.054, ESim: 0.021
Descriptive: co0l02393 3.9%, coll0761 3.6%, col00031 2.6%, col00064 1.9%, coll3276 9%
Discriminating: co0l02393 4.4%, coll0761 3.9%, col00031 2.5%, coll3276 2.1%, col04265 7%
Cluster 9, Size 1107, ISim: 0.029, ESim: 0.017
Descriptive: col00616 2.5%, col01186 2.4%, col00263 1.8%, col00057 1.6%, col01187 6%
Discriminating col00616 2.5%, col01186 2.4%, col00086 1.7%, col04265 1.6%, col01187 6%

Timing Information -
1/0:
Clustering:
Reporting:

1.680 sec
12.700 sec
0.700 sec
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3.2.4 Looking atthe Hierarchical Agglomerative Tree

Thevcluster & scluster programsanalsoproduceahierarchicabgglomeratietreein whichthediscoveredclusters
form the leaf nodesof this tree. This is doneby specifyingthe -showtee parameter In constructingthis tree, the
algorithmsrepeatedlymerge a particularpair of clusters,andthe pair of clustersto be meigedis selectedsothatthe
resultingclusteringsolutionat thatpoint optimizesthe specifiedclusteringeriterionfunction.

The format of the producedtree for the sports.matdatasetis shavn in Figure8. This resultwas obtainedby
specifyingboth -showtee as well asthe -rclassfileparametethat providesthe classlabelsfor eachobjectin the
matrix.

prompt% vcluster -rclassfile=sports.rclass -showtree sports.mat 10

Kk A AAA A A A A A A A A A A A A A A A A A A A A A A A A A A A A A KKK,

vcluster (CLUTO 2.0) Copyright 2001-02, Regents of the University of Minnesota

Matrix INFOYMALAON = - === === m ...
Name: sports.mat, #Rows: 8580, #Columns: 126373, #NonZeros: 1107980

[0 1o R s R
CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 10
RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40
Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5
CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10

SOLUL L Om === = = o m o m e oo
10-way clustering: [I2=2.29e+03] [8580 of 8580], Entropy: 0.164, Purity: 0.874

0 364 +0.166 +0.050 +0.020 +0.005 0.018 0.995 ‘ 0 362 2 0 0 0 0
1 628 +0.106 +0.041 +0.022 +0.007 0.006 0.998 ‘ 627 0 1 0 0 0 0
2 793 +0.102 +0.036 +0.018 +0.006 0.020 0.995 ‘ 1 1 1 789 0 0 1
3 754 +0.100 +0.034 +0.021 +0.006 0.010 0.997 ‘ 0 1 752 0 0 0 1
4 845 +0.095 +0.035 +0.023 +0.007 0.023 0.993 | 839 0 5 0 1 0 0
5 637 +0.079 +0.036 +0.022 +0.008 0.012 0.997 | 0 635 1 1 0 0 0
6 1724 +0.059 +0.026 +0.022 +0.007 0.016 0.996 | 1717 3 3 1 0 0 0
7 703 +0.049 +0.018 +0.016 +0.006 0.767 0.458 | 30 24 122 4 118 83 322
8 1025 +0.054 +0.016 +0.021 +0.006 0.026 0.992 | 6 2 1017 0 0 0 0
9 1107 +0.029 +0.010 +0.017 +0.006 0.678 0.399 ‘ 192 382 442 14 3 62 12

Timing Information

1/0: 1.520 sec
Clustering: 12.960 sec
Reporting: 0.610 sec

I T T T T T

N J

Figure 8: Output of vcluster for matrix sports.mat that also shows the hierarchical tree built on top of the discovered clusters.

Lookingatthisfigurewe canseethatvcluster displaysthetreein arotatedfashion,.e., therootof thetreeis atthe
first column,andthetreegrowsfrom left to right. Theleaves of thistreearenumberedrom 0to NClustes-1, andeach
onerepresentthe correspondinglusterdiscoseredby vcluster. Theinternalnodesarenumberedrom NClustes to
2*NClustes-2, with the root beingthe highestnumberechode. The numberingof theinternalnodesis doneso that
nodesthat were obtainedby memging a pair of clustersat an earlier stageof the agglomeratie processhave lower
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numberscomparedo nodesobtainedat later stages.For example,in Figure 8 the nodenumberedLO representshe
first pair of clusterg9 and7) thatweremeiged,thenodenumbered. 1 representthe secondpair of clusterg0 and5)
thatweremerged,andsoon.

In additionto the treeitself, vcluster also prints information abouthow the objectsof the variousclassesare
distributedin eachcluster This informationis identicalto thatpresentedh the earliertable,andarereplicatechereto
provide abetterunderstandingn thecontentof the clusterghataremeigedtogether Thus,looking atthetreewe can
seethatthe subtreaootedat nodel4, containsclustershat primarily containdocumentsboutbaseballwhereaghe
subtregootedat 12 primarily containclustersvhosedocumentsreaboutfootball. If the-rclassfilewas notspecified,
thisinformationis omitted.

prompt% vcluster -rclassfile=sports.rclass -clabelfile=sports.clabel -showtree -labeltree sports.mat 10
P L R R L R R R R R R R L S T ST T T e
vcluster (CLUTO 2.0) Copyright 2001-02, Regents of the University of Minnesota
Matrix Information ----------- oo

Name: sports.mat, #Rows: 8580, #Columns: 126373, #NonZeros: 1107980

(6 oo e T
CLMethod=RB, CRfun=I2, SimFun=Cosine, #Clusters: 10
RowModel=None, ColModel=IDF, GrModel=SY-DIR, NNbrs=40
Colprune=1.00, EdgePrune=-1.00, VtxPrune=-1.00, MinComponent=5
CSType=Best, AggloFrom=0, AggloCRFun=I2, NTrials=10, NIter=10

SOLULION === m == m e m i m e e

Size ISim XSim Gain
18 [ 8580, 2.57e-02, 0.00e+00, -2.30e+02] [giant 1.7%, yard 1.6%, hit 1.3%, box 1.2%, in 1.2%]
‘ 77777 15 [ 3197, 4.95e-02, 1.71e-02, -9.17e+01] [in 4.4%, giant 3.7%, hit 3.6%, pitch 2.4%, homer 2.2%]
| |---13 [ 1473, 6.80e-02, 3.60e-02, -8.10e+01] [giant 9.8%, canseco 2.6%, pitch 2.4%, mitchell 2.3%, henderson 2.2%]
| | [EEEEEE T 1 [ 628, 1.06e-01, 3.56e-02, +0.00e+00] [canseco 9.0%, henderson 7.5%, russa 6.3%, la 3.8%, mcgwire 3.2%]
| | [EEEEEE T 4 [ 845, 9.52e-02, 3.56e-02, +0.00e+00] [giant 20.7%, mitchell 4.8%, craig 3.3%, mcgee 2.4%, clark 2.0%]
| |=mmmm e 6 [ 1724, 5.91e-02, 3.60e-02, +0.00e+00] [in 5.6%, hit 5.2%, homer 2.6%, run 2.4%, sox 2.2%]
|-17 [ 5383, 2.76e-02, 1.71e-02, -1.46e+02] [yard 3.8%, shark 1.8%, box 1.8%, goal 1.6%, warrior 1.3%]
|- [ 1794, 5.49e-02, 1.85e-02, -1.07e+02] [shark 8.2%, warrior 5.4%, goal 4.1%, score 2.6%, period 1.8%]
| [ 793, 1.02e-01, 2.36e-02, +0.00e+00] [shark 22.4%, goal 9.4%, nhl 4.4%, period 3.4%, penguin 1.6%]
| [ 1001, 7.46e-02, 2.36e-02, -5.39e+01] [warrior 12.7%, laker 3.5%, rebound 2.5%, score 2.3%, hardawai 2.1%]
| [ 364, 1.66e-01, 4.47e-02, +0.00e+00] [warrior 38.4%, hardawai 6.8%, mullin 6.1%, nelson 4.3%, richmond 4.1%]
| [ 637, 7.88e-02, 4.47e-02, +0.00e+00] [score 4.2%, laker 4.1%, rebound 3.5%, nba 2.5%, bull 2.2%]
| [ 3589, 3.00e-02, 1.85e-02, -8.85e+01] [yard 7.9%, box 3.1%, pass 2.1%, touchdown 1.5%, bowl 1.2%]
|---12 [ 1779, 5.43e-02, 1.97e-02, -6.1le+01] [yard 15.9%, pass 4.2%, touchdown 3.1%, quarterback 1.8%, seifert 1.5%]
| |------- 3 [ 754, 9.99e-02, 3.80e-02, +0.00e+00] [yard 35.9%, pass 7.7%, touchdown 6.4%, td 2.6%, kick 2.0%]
| |------- 8 [ 1025, 5.36e-02, 3.80e-02, +0.00e+00] [seifert 3.9%, montana 3.6%, raider 2.6%, quarterback 1.9%, lott 1.9%]
[EEEEEE 10 [ 1810, 2.66e-02, 1.97e-02, -5.00e+01] [box 9.0%, tournam 1.8%, golf 1.4%, round 1.3%, school 1.3%]
|---9 [ 1107, 2.95e-02, 1.73e-02, +0.00e+00] [school 2.5%, santa 2.4%, football 1.8%, coach 1.6%, clara 1.6%]
|---7 [ 703, 4.87e-02, 1.73e-02, +0.00e+00] [box 27.6%, golf 4.5%, hole 3.4%, round 2.9%, par 2.5%]
Timing Information --------------------c-mm
I/0: 1.670 sec
Clustering: 12.840 sec

Reporting: 1.060 sec

(*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*ﬁ*O:*O:*O:*O:*O:*O:*O:*O:*k*k*k*k*k************************** /

Figure 9: Output of vcluster for matrix sports.mat that shows the hierarchical tree built on top of the discovered clusters as well as
the descriptive features of each cluster.

Besidesshaving the agglomeratie tree, vcluster canalsoanalyzeeachof the clustersproducedduringthis ag-
glomeratve processdisplayingstatisticsregardingtheir quality and a setof descriptve features. This is doneby
specifyingthe-labeltreeoption. The outputof vcluster in this cases shavn in Figure9.

Looking at this figure we canseethatin additionto the treeitself, vcluster prints a numberof statisticsfor each
cluster In particular it displaystheclusters “Size” whichis the numberof objectsin thatcluster the clusters “ISim”
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whichis theaveragesimilarity betweertheobjectsof eachcluster theclusters“XSim” whichis theaveragesimilarity
betweerthe objectsof eachpair of clustersthatarethe childrenof the samenodeof the tree,andthe “Gain” which
is thechangdn thevalue ofthe particularclusteringcriterionfunctionasaresultof combiningthetwo child clusters.
For example,the clustercorrespondingo node13, contains1473documentsywhoseaveragesimilarity is 6.80e-02,
theaveragesimilarity betweerthedocumentsn this clusterandthe documentsn theclustercorrespondingo nodel0
is 3.60e-02andastheresultof this memging,thevalue ofthecriterionfunction(i.e., Z > in thisexample)was decreased
by 8.10e+01.Notethatsincein caseof 7, the goalis to maximizeits value,the factthatthe gainis negative means
thatwith respecto thecriterionfunctiontheresultingclusteringsolutionis worse(whichwas expected).

Next to thesestatistics|t printsthe setof featureghatbestdescribeeachcluster The methodusedto derive these
featuresandtheinformationthatis displayedareidenticalto thoseusedby the -showfeatuesoption.

3.2.5 Looking atthe Visualizations
As discussedn Section3.1bothvcluster andscluster canproducea numberof graphicalvisualizationshoving the
relationbetweerthe differentobjects,featuresandclusters. Our goalin this sectionis to provide someillustrative
examplesof whatthevarious-plotXXXcommandgando.

Figure10 shavs thetype of visualizationghatcanbe producedvhen-plotmatrixis specifiedfor a sparsematrix.
In particulay Figure10(a)shaws the visualizationproduceddy executingthefollowing command:

vcluster -plotmatrix=figl.ps tr23.mat 10.

As we canseefrom thatplot, vcluster shavs the rows of the input matrix re-orderedn sucha way sothatthe rows
assignedo eachoneof the tenclustersarenumbereaonsecutiely. Thecolumnsof thedisplayedmatrix areselected
to betheunionof thenfeatuesmostdescriptve anddiscriminatingfeaturesof eachcluster andareorderedaccording
their column-id. Also, at the top of eachcolumn,the label of eachfeatureis shavn (if you enlagethe postscriptor
PDFfile of the manualyou will be ableto seethe namesof the wordsthatthesecolumnscorrespondo). Eachnon-
zeropositive elementof the matrix is displayedby a differentshadeof red. Entriesthatarebright red correspondo
largevaluesandthe brightnesof the entriesdecreaseastheir valuedecreaseT hevaluesthatareplottedcorrespond
to the valuesobtainedafter applyingthe particular-rowmodeland-colmode] andnormalizingeachrow to be of unit
length. Figure 10(b) shaws a visualizationof the sameclusteringsolutionin which the rows andthe columnsare
alsore-orderecdhccordingto a hierarchicalclusteringsolution. In particular this plot was obtainedby executingthe
following command:

vcluster -fulltree -clustercolumns -plotmatrix=fig2.ps tr23.mat 10.

As we canseefrom this plot, vcluster now re-ordergherows andthe columnsso thatrows/columnghatarepart of
the samesubtreearecloserto eachotherin thefinal output. Also, alongthe rows andthe columnsof the displayed
matrix, vcluster dravs the actualhierarchicakreethatwas computed.Finally, Figure10(c)shaws a visualizationof
the 10-way clusteringsolutionobtainedby scluster. In particular this plot was obtainecby executingthe following
command:

vcluster -clmethod=agglo -clustercolumns -plotmatrix=fig3.ps tr23.mat 10

Figure1l shaws the type of visualizationghat canbe producedvhen-plotmatrixis specifiedfor a densematrix,
for a particularmicro-arraygeneexpressiordataset. The threedifferentvisualizationswvere producedy executing
thefollowing commandstespecitiely:

vcluster -sim=corr -plotmatrix=fig4.ps genesl.mat 5
vcluster -sim=corr -fulltree -clustercolumns -plotmatrix=fig5.ps genesl.mat 5
vcluster -sim=corr -clmethod=agglo -clustercolumns -plotmatrix=fig6.ps genesl.mat 5

Theseplots aresimilar in natureto thoseproducedor sparsanatricesandthe only differenceis thatthey shaw all
thecolumns(andnotjust theunionof the descriptve anddiscriminatingfeatures) Also notethateachrow now hasa
label(correspondingo the nameof the particulargene)thatis readby defaultfrom thefile name“g enes.mat.rlabel”
Finally, notethatthe plots containbothred andgreenboxes, representingositive andnegative values,respectiely.
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(a) (b) (c)

Figure 10: Various visualizations generated by the -plotmatrix parameter. (a) Shows the clustering solution produced by vcluster;
(b) Shows the same clustering solution but the rows and columns have been re-ordered. (c) Shows the clustering solution produced
by scluster.
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Thevaluesusedto derive the colorscorrespondo thoseusedinternallyby CLUTO. In this particularexample,since
theclusterswereobtainedusingthe correlationcoeficient, the valuescorrespondo the mean-subtracteafriginal row
vectorshormalizedo be of unitlength.
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Figure 11: Various visualizations generated by the -plotmatrix parameter. (a) Shows the clustering solution produced by the
“rb” method of vcluster; (b) Shows the same clustering solution but the rows and columns have been re-ordered. (c) Shows the
clustering solution produced by the agglomerative method for vcluster.

A similar dense-matrixisualizationis shaovn in Figure12 for anothemicro-arraygeneexpressiordataset. The
differentvisualizationsvereproduceddy executingthe following commands:

vcluster -clmethod=agglo -plotmatrix=fig7.ps genes2.mat 1
vcluster -clmethod=agglo -zeroblack -plotmatrix=fig8.ps genes2.mat 1

Figure13 shaws the type of visualizationthat canbe producedvhen-plotclusteris specifiedfor a sparsematrix.
This plot was obtainedby executingthe following command:

vcluster -clustercolumns -plotclusters=£fig9.ps tr23.mat 10
vcluster -clustercolumns -plotclusters=figl0.ps -nfeatures=10 sports.mat 20

This plot shows the clusteringsolutionshavn at Figure 10(b) by replacingthe setof rows in eachclusterby a single
row thatcorrespondso the centroidvectorof thecluster The-plotclusteroptionis particularlyusefulfor displaying
very largedatasets,asthenumberof rowsin theplot is only equalto the numberof clusters.

Finally, Figure14 shaws the type of visualizationthat canbe producedvhen-plottreeis specified.This plot was
obtainedby executingthefollowing command:

vcluster -clmethod=agglo -plottree=figll.ps tr23.mat 10.

This plot shavs the entire hierarchicaltree for the tr23.matdataset. The leaves of the tree are labeledwith the
particularrow-id (or row labelif available).You canseethelabelsby properlymagnifyingthefigure.
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Figure 12: Various visualizations generated by the -plotmatrix parameter. (a) Shows the clustering solution produced by the
agglomerative method of vcluster; (b) Shows the same clustering solution but the color scheme has been changed.

3.3 Input File Formats

The vcluster andscluster programsequireaninput file that storesthe objectsto be clusteredn a matrix or graph
format,aswell as,variousoptionalfiles containingthe columnlabelsandthe classlabelsof the variousobjects.The
formatof thesefiles aredescribedn thefollowing sections.

3.3.1 Matrix File

The primary input of CLUTO’s vcluster programis a matrix storingthe objectsto be clustered. Eachrow of this
matrix represent single object,andits variouscolumnscorrespondo the dimensiongi.e., features)pf the objects.
Thismatrixis storedin afile andis suppliedto thevariousprogramsasoneof thecommandine parameters.

CLuTo understandswo differentinput matrix formats. The first formatis suitablefor sparsematricesandthe
secondormatis suitablefor storingdensematrices.Notethat CLUTO, automaticallydetectshe formatof theinput
file basednthefirstline of thefile (i.e., the sparsematrix formathasthreenumberavhereaghe densematrix format
hastwo numbers).

Sparse Matrix Format A sparsematrix A with n rows andm columnsis storedin a plain text file thatcontains
n + 1 lines. Thefirst line containsinformation aboutthe size of the matrix, while the remainingn lines contain
informationfor eachrow of A. In CLUTO’s sparsematrix formatonly the non-zercentriesof thematrix arestored.

Thefirst line of the matrix file containsexactly threenumbersall of which areintegers. Thefirst integeris the
numberof rows in the matrix (n), the secondntegeris thenumberof columnsin the matrix (m), andthethird integer
is thetotal numberof non-zero®ntriesin then x m matrix.

Theremainingn lines storeinformationaboutthe actualnon-zerostructureof the matrix. In particulay the (i +
1)stline of thefile containsinformationaboutthe non-zeroentriesof theith row of the matrix. Sincetheith row
correspondso theith objectto be clusteredthis is nothingmorethanthe non-zercentriesof theith objects feature
vector Thenon-zercentriesof eachrow arespecifiedasa space-separatdidt of pairs. Eachpair containghecolumn
numberfollowedby thevaluefor thatparticularcolumn(i.e., feature). Thecolumnnumbersreassumedo beintegers
andtheir correspondingaluesareassumedo be floating point numbers.The meaningof thevalues associatedith
eachentryof theobjects vectoris problemdependent.

Note that the columnsare numberedstartingfrom 1 (not from 0 as is oftendonein C). FurthermoreCLUTO’s
matrix formatdoesnotrequirethe column-pairgcolumn-number— column-value)to be sortedin ary order

An exampleof CLUTO’s matrix formatis shawvn in Figure15. This figure shavs anexample7 x 8 matrix andits
correspondingepresentatiom CLUTO’s matrix format.

Dense Matrix Format A denseamatrix A with n rowsandm columnss storedn aplaintext file thatcontaing+ 1
lines. Thefirst line storesinformationaboutthe size of the matrix, while the remainingn lines containinformation
for eachrow of A. Thefirst line of the matrix file containsexactly two numbersall of which areintegers. The first
integeris the numberof rowsin thematrix (n) andthesecondntegeris thenumberof columnsin thematrix (m). The
remainingn lines storethe valuesof the m columnsfor eachoneof therows. In particular eachline containsexactly
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Figure 13: Various visualizations generated by the -plotcluster parameter.
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11 -0.5] 0.2 . )
Matrix Input File
14|04 -0.4]
7 8 21
1.8 2.0 3. 2 1.1 5 -0.5 8 0.2
1 1.4 2 0.4 4 -0.4
1.0 [ 3 1.8 6 2.0 8 3.0
1 1.0
5.5 3.0 8.0 2 5.5 4 3.0 7 8.0
3 1.0 5 -1.0 6 2.0
1.0 -1.0/2.0 2 3.5 4 -1.0 5 4.0 7 2.0 8 8.0
3.5 -1.0] 4.0 2.0| 80

Figure 15: Storage format of a sample matrix.

m space-separatdldating point values suchthattheith valuecorrespondso thei th columnof A.

3.3.2 Graph File

The primary input of CLUTO’s scluster programis the adjaceng matrix of the graphthat specifiesthe similarity
betweertheobjectsto beclustered Eachrow/columnof this matrix representsa singleobject,andavalueatthe i, j)
locationof this matrix indicateshe similarity betweertheith andthe jth object.

CLuTOo understandswo differentinputgraphformats.Thefirst formatis suitablefor sparsegraphsandthesecond
formatis suitablefor storingdensegraphqi.e., graphsvhoseadjaceng matrix containmostlynon-zeros)Theformat
of thesefiles arevery similar to the correspondindormatsfor matricesandthe only differences thatthey now store
adjaceng matriceswhich aresquare.

NotethatCLuTO, automaticallydetectgheformatof theinputfile basednthefirst line of thefile (i.e., thesparse
graphformathastwo numbersvhereaghedense grapformathasonenumber).

Sparse Graph Format Theadjaceng matrix A of asparsegraphwith n verticesis storedin aplaintext file that
containg+ 1lines. Thefirst line containdnformationaboutthe sizeof thegraph while theremainingn linescontain
informationfor eachrow of A (i.e., adjaceny structureof thecorrespondingertex). In CLUTO’s sparsagraphformat
only the non-zercentriesof the adjaceng matrix arestored.

Thefirst line of thefile containsexactly two numbersall of which areintegers. Thefirst integeris the numberof
verticesin thegraph(n) andthesecondntegeris thenumberof edgesn thegraph(i.e., thetotal numberof non-zeros
entriesin A).

Theremainingn linesstoreinformationabouttheactualnon-zercstructureof A. In particulaythe (i + 1)stline of
thefile containanformationaboutthe adjacenyg structureof thei th vertex (i.e., thenon-zercentriesof thei th row of
theadjaceng matrix). Theadjacenyg structureof eachvertex is specifiedasa space-separatdidt of pairs. Eachpair
containghe numberof the adjacentertex followedby the similarity of the correspondingdge.Thevertex numbers
areassumedo beintegersandtheir similarity valuesareassumedo befloating pointnumbers.

Notethattheverticesarenumberedtartingfrom 1 (notfrom 0 asis oftendonein C). FurthermoreCLuT0O’sgraph
formatdoesnotrequirethe vertex-pairs(vertex-number— similarity-value)to be sortedin any order

Dense Graph Format The adjaceng matrix of a dense graphvith n verticesis storedin a plain text file that
containsn + 1 lines. Thefirst line storesinformationaboutthe size of the graph,while theremainingn linescontain
informationfor eachrow of the adjaceng matrix. Thefirst line of thefile containsexactly onenumberwhichis the
numberof verticesn of thegraph.Theremainingn linesstorethevaluesof the n columnsof theadjaceng matrixfor
eachoneof thevertices.In particular eachline containsexactly n space-separatéibatingpoint values suchthatthe
i th valuecorrespondso the similarity to theith vertex of thegraph.

3.3.3 Row Label File

As discussedh Section3, whenthe-rlabelfile parameteis used CLUTO’s stand-alon@rogramgeadafile thatstores
thelabelfor eachoneof the rows (i.e., objects) of the matrix. The formatof thisfile is asfollows. If n is thetotal
numberof rows in the matrix, thenthe row-labelfile containsexactly n lines. The informationstoredin eachline
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is treatedas a stringandbecomeshe label of the correspondingow of the matrix. Thatis, theith line of this file
containghelabelof theith row of thematrix.

3.3.4 Column Label File

As discussedn Section3.1, whenthe -clabelfile parameteis used,the vcluster programreadsa file thatstoresthe
labelfor eachoneof the columns(i.e., features)f the matrix. Theformatof this file is asfollows. If m is thetotal
numberof columnsin the matrix, thenthe column-labefile containsexactly m lines. Theinformationstoredin each
line is treatedasa stringandbecomeshelabel of the correspondingolumnof the matrix. Thatis, theith line of this
file containghelabelof theith columnof the matrix.

3.3.5 Row Class Label File

As discussedn Section3.1, whenthe -rclassfileparameteis used,the vcluster programreadsa file that storesthe
classlabelsfor eachoneof therows (i.e., objects)of the matrix. Theformatof thisfile is asfollows. If n is thetotal
numberof rows in the matrix, thenthe class-labefile containsexactly n lines. Theinformationstoredin eachline is
treatedasa stringandbecomeghe class-labebf the correspondingbjectof the matrix. Thatis, theith line of this
file containsthe label of theith row of the matrix. In orderto ensurethata setof objectsbelongto the sameclass,
their correspondingows in the class-labefile mustcontainidenticalstrings.

3.4 Output File Formats

CLuTO’sclusteringprogramsangeneratéwo differenttypesof outputfiles thatstoreinformationabouttheclustering
solutionthey have computedThefirst file containgheclusteringvectorandtheinternalandexternalz-scoredor each
object(whenthe-zscoesoptionwas specified) whereaghe secondile containgheentirehierarchicabgglomeratie
tree(when-clmethod=aglo or whenthe-fulltreeoptionwas specified(pr theagglomeraiie treethatwas built ontop
of the computectlusteringsolution(whenthe -showteeoptionwas specified). The formatof thesefiles is described
in thefollowing sections.

3.4.1 Clustering Solution File

The clusteringfile of a matrix with n rows consistsof n lineswith a singlenumberperline. Theith line of thefile
containghe clusternumberthatthei th object/rav/vertex belonggo. Clusternumbersunfrom zeroto the numberof
clustersminusone.

In this case,CLUTO’s clusteringalgorithmswill not be ableto assignall the objectsto ary of the clusters. In
this case the clusternumberfor that particularrow/vertex will be setto -1. This usuallyhappendor two reasons.
First, CLUTO’s vcluster programremoves all the columnsthatoccurin fewer thanthreerows beforecomputingthe
clusteringsolution. This is for performanceeasonsandit doesnot affect the quality of the computedclustering
solution.However, asaresultof this pruningstep,someobjectsmaylooseall of theirfeaturesin which casethey will
notbeclustered Secondin thecaseof thegraph-partitioning-basetdusteringalgorithm,certainverticesof thegraph
maybeprunedprior to clusteringby usingacombinatiorof the-edgeprune -vtxprune or -mincomponemarameters.

If the-zscoesis specifiedeachline of thisfile alsocontaingwo additionalnumbergight afterthe clusternumber
Thefirst numberis its internalz-score andthe seconchumberis its externalz-score.

3.4.2 Tree File

The tree producedby performinga hierarchicalagglomeratie clusteringon top of the k-way clusteringsolution
produceddy vcluster is storedin afile in theform of aparentarray In particulayif k is the numberof clustersthen
thetreefile contains2k — 1 lines,suchthatthei th line containgheparentof thei th nodeof thetree.In the caseof the
root node thatis storedin thelastline of thefile, the parentis setto -1. For example thetreefile for thetreeshavn
in Figure9Q will containl9lines,andeachline will storethefollowing numbergonenumberperline): 16, 12, 13, 16,
13,10, 11, 12,11, 10, 14, 15, 15, 14, 18,17,17-18,

In additionto the parentof eachnode,CLUTO’s treefile alsooutputstwo numberdor eachinternalnodethetree.
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Thefirst numberis the averagesimilarity betweenthe siblingsof eachtreenode. Sincethis quantityis not defined
for the leaves, only the rows of the file correspondingo the interior nodesof the tree containmeaningfulnumbers.
The secondhumberis the changein the value ofthe criterion functionachieved by combiningthe particularpair of
clusters.Notethatin the caseof the traditionalsingle-link,complete-link andUPGMA agglomeratie methodsthe
gainof theagglomeratioris consideredo betheweightof thelink usedin makingthe memgingdecisions.

If for somereasonCLUTO’s clusteringprogramsannotproduceanentiresinglehierarchicatree,thenthe parent
arraywill containmultiple subtreesThe subtreesanbere-constructethy traversing theparentarrayfrom theleaves
towardtheroot. Whena“-1" is encountere@dsthe parentof a nodeotherthantheroot’s, thenthis particularsubtree
ends.

4 Which Clustering Algorithm Should | Use?

If you have readCLUTO’s manualup to this point you may startto wonderingaboutwhich clusteringalgorithmto
usefor yourapplication.Well, thereis no correctansweras it highly depend®nthe natureof your datasetendwhat
constitutesneaningfulclustersin your application.Neverthelessthis sectionattemptgo clarify someof the “sweat
spots”of CLUTO’s variousclusteringalgorithmsandprovide somegeneralusageguidelines.

4.1 Cluster Types

We startour discussiorby describingwo differenttypesof clustersthat oftenarisein differentapplicationdomains.
What differentiateghemis the relationshipbetweenthe clusters objectsandthe dimensionof their featurespace.
Notethatthisis by nomeansanexhaustve list of clustertypes.

The first type of clusterscontainsobjectsthat exhibit a strong patternof conseration along a subsetof their
dimensions.Thatis, thereis a subsetof the original dimensionsn which a large fraction of the objectsagree. For
example,if the dimensiongorrespondo words(or products)whatthat meanss thata collectionof documentgor
customersvill form acluster if thereexist a subsebf terms(or products)hatarepresenior purchasedin alarge
fraction of the documentgor customers).You canactually seethis type of clustersby looking at the visualization
examplesshovn in Figure10, aswell as,the weightsassociateavith the descriptve featureshat were outputusing
the -showfeatuesoptionin Figure6. In the caseof the visualizationsyou can clearly seesomeof the dimensions
(i.e., columns)thatareconseredin eachcluster andin the caseof -showfeatuesyou canseethatthetop-5termsin
eachclusteraccountdor alargefractionof the similarity betweerthe objectsof eachcluster

This subsetof dimensionss often referredto as a subspacgand the above statedpropertycan be viewed as
the clusters objectsandits associatedlimensiondorming a densesubspace Of course the numberof dimensions
in thesedensesubspacesaswell as, the density(i.e., how large is the fraction of the objectsthat sharethe same
dimensionswill bedifferentfrom clusterto cluster Exactlythis variationin subspacsizeanddensity(andthefact
that an objectcanbe part of multiple disjoint or overlappingdensesubspacesys what complicateshe problemof
discovering this type of clusters. Therearea numberof applicationareasin which this type of clustersgive rise
to meaningfulgroupingof the objects(i.e., domainexpertswill tendto agreethat the clustersare correct). Such
areadncludesclusteringdocumentdasedn thetermsthey contain,clusteringcustomerdasedn the productshey
purchaseglusteringgenes basedn their expressiorievels, clusteringproteinsbasedn the motifs they contain,etc

The secondtype of clusterscontainsobjectsin which againthereexist a subspacessociatedvith that cluster
However, unlike the earlier case,in theseclusterstherewill be sub-clustergdhat sharea very small numberof the
subspace’dimensionput therewill bea strong pathwithin thatclusterthatwill connecthem. By “strongpath”we
mearthatif AandB aretwo sub-clusterthatshareonly afew dimensionsthentherewill beanothesetof sub-clusters
X1, Xo, ..., Xk, thatbelongto thecluster suchthateachof thesub-clustepairs(A, X 1), (X1, X2), ..., (Xk, B) will
sharemary of the subspace’dimensions.What complicatesclusterdiscovery in this settingis thatthe connections
(i.e., sharedsubspacedimensionspetweersub-clustersvithin a particularclusterwill tendto beof differentstrength.
Examplesof suchclustersarethe spatialclustergpresenin thetwo-dimensionatiatasetsf Figure3. In this casethe
dimensionsn our definition correspondo smallrangesof the x andy-axis. With thisin mind, we seethatthereare
groupsof pointsin the IT-shapectlustersthatdo not shareeitherof the x or y rangesHowever, thereis a spatially
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contiguoussetof pointsthatconnecthem.

Ourdiscussiorsofar focusedon the relationshipbetweerthe objectsandtheir featurespace.However, thesetwo
classe®f clusterscanalsobeunderstoodh termsof the theobject-to-objecsimilarity graph.Thefirst typeof clusters
will tendto containobjectsin which the similarity betweenrall pairsof objectswill be high. On the otherhand,in
the secondype of clusterstherewill be alot of objectswhosedirect pairwisesimilarity will be quitelow, but these
objectswill beconnectedby mary pathsthatstaywithin the clusterthattraversehigh similarity edges.The namesof
thesetwo clustertypeswereinspiredby this similarity-basedriew, andthey arereferredto asglobular andtransitive
clustersyespectiely.

Matching Algorithms to Cluster Types CLUTO providesclusteringalgorithmsfor finding bothof thesetypes
of clusters. In particular the partitional clusteringalgorithmscorrespondingo “rb”, “rbr”, and“direct”, andthe
agglomeratie algorithm“agglo” thatdoesnot usethe single-linkcriteriontendto find globular clusters.Ontheother
hand,the agglomeratie schemewith the single-link criterionandthe graph-partitioning-basedusteringalgorithms
tendto find transitve clusters. It shouldbe notedthatary of the algorithmscanfind eitherglobular or transitive
clustersprovidedthattheseclustersaresuficiently far away from eachother

Thedifferentclusteringcriterionfunctionsusedby the partitionalandagglomeratie clusteringalgorithmsimpact
the extent to which the individual instanceof the clusteringalgorithmis capableof finding glohular clustersthat
containclusterswith differentsize consensusyr clusterswhoseaveragepair-wise similarity is different,aswell as,
theextentto which clusterscanbe of dramaticallydifferentsizes. Thereadeiis referredto [6] for ananalysisof these
criterionfunctions.

4.2 Similarity Measures Between Objects

CLuTtO’sclusteringalgorithmsmplementedy vcluster treattheobjectsto beclusteredasvectoran ahigh-dimensional
spaceandmeasurdhe degreeof similarity betweertheseobjectsusingeitherthe cosinefunction,the Pearsors cor
relation coeficient, or a similarity derived from the Euclideandistanceof thesevectors. By usingthe cosineand
correlationcoeficient measuresthentwo objectsaresimilar if their correspondingectors’ pointin the samedirec-
tion (i.e., they have roughlythe samesetof featuresandin the sameproportion) regardlesof their actuallength.On
the otherhand the Euclideandistancedoestake into accountothdirectionandmagnitude.

Thesecosine-andcorrelation-basedimilarity measuresire well-suitedfor clusteringhigh-dimensiona(aswell
as low-dimensional)datasetsarisingin mary diverseapplicationsareas,including informationretrieval, customer
purchasindransactionsscienceandbiology. Moreover, for mary criterionfunctions,clusteringalgorithmsbasedn
the cosinesimilarity measurereequivalentwith algorithmsthatusethe Euclideandistancemeasuren vectorsthat
arescaledto beof unit-length[6]. On the otherhand,the Euclideandistancebasedsimilarity functionis well-suited
for finding clustersin the original featurespaceasit is the casefor the spatialclustersshovn in Figure3.

There are applicationsin which the provided similarity measuresare not sufficient (eg., clusteringsequence
dataset)In suchcasesyou have to usethe scluster programin which you provide the pairwisesimilaritiesbetween
theobjects(you needto provide only thenon-zercsimilarities). It is critical to ensurehatthe suppliedsimilaritiesare
reasonablegspeciallyin the caseof criteriondriven partitionalclustering(i.e., for “rb”, “rbr”, and“direct”), asthese
approachegry to optimizethe clusteringcriterion function,basedonly on thesesimilarities. Someexamplesof bad
similarity functionswill bethe onesin which thereis a wide-rangebetweerthe varioussimilarity values,with some
pairwisesimilarities beingextremelylarge. In suchcasesthe optimal clusteringsolution (in termsof the criterion
function) mayjust containindividual clustersfor eachsuchhighly-similarpair of objectswith therestof the objects
assignedo onecluster

2|n the caseof Pearsors correlationcoeficient the vectorsareobtainedby first subtractingtheir averagevalue.
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4.3 Scalability of CLuTO’s Clustering Algorithms

Thevariousclusteringalgorithmsprovidedwith CLUTO have differentscalabilitycharacteristicsTable2 summarizes
thetime-andspace-compbdty of someof the clusteringalgorithms.

vcluster
Algorithm Time Compleity SpaceCompleity
-clmethod=rb;sim=cos O(NNZx log(k)) O(NN2
-clmethod=rb;sim=corr O(n * mx log(k)) O(nxm)
-clmethod=direct;sim=cos O(NNZx k + m x k) O(NNZ+ m % k)
-clmethod=direct;sim=corr O(n* mxK) O(nxm+ mxKk)
-clmethod=agglo, O(n? x log(n)) on?)
-clmethod=agglo;crfun=[Z;,Z> ] omnd) on?)
-clmethod=graph, O(n? + n * NNbrs  log(k)) O(nNNNbrs)

scluster
Algorithm Time Compleity SpaceCompleity
-clmethod=rb;sim=cos O(NNZx log(k)) O(NN2
-clmethod=rb;sim=corr O(n * mx log(k)) O(nxm)
-clmethod=direct;sim=cos O(NNZx k + m x k) O(NNZ+ m x k)
-clmethod=direct;sim=corr O(n* mxK) O(nxm+ mxKk)
-clmethod=agglo, O(n? x log(n)) on?)
-clmethod=agglo;crfun=[Z;,Z> ] omnd) on?)
-clmethod=graph, O(n x NNbrsx log(k)) O(NNNbrs)

Table 2: The complexity of CLUTO's clustering algorithms. The meaning of the various quantities are as follows: n is the number
of objects to be clustered, mis the number of dimensions, NNZ is the number of non-zeros in the input matrix or similarity matrix,
NNbrs is the number of neighbors in the nearest-neighbor graph.

Looking at theseresultswe canseethatin termsof time and memory the mostscalablemethodis vcluster's
repeated-bisectinglgorithmthatusesthe cosinesimilarity function(i.e., -clmethod=rh -sim=cog. Ourexperiments
shavedthatit cancomputea 10-way partitioningof a datasetvith 140K documentand83K termsin lessthanfive
minuteson a Intel Xeon basedworkstation. The leastscalableof the algorithmsarethe onesbasedon hierarchical
agglomeratie clustering. The critical aspectof thesealgorithmsis thattheir memoryrequirementscalequadratic
onthe numberof objects,andthey cannotbe usedto clustermorethan5K-10K objects.However, if you dowantto
obtainatreefor alarge datasetyou shouldthenusethe -fulltree optionthat combinespartitionalandagglomeratie
clustering.
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5 CLUTO’s Librar y Interface

The functionality provided by CLUTO’s vcluster andscluster programscanalsobe accessedlirectly from a C or
C++ programby usingthe providedstand-alondibrary. In therestof this sectionwe provide informationabouthow
to link your programwith CLUTO’s library, describeghedatastructuresisedto passinformationinto theroutinesand
give adetaileddescriptiorof the calling sequencef thevariousroutines.

5.1 Using CLUTO’s Library

In orderto useCLUTO’s stand-alondibrary you mustlink your programwith CLUTO’s pre-compiledibrary thatis
provide in the softwaredistribution. For Unix-basedlistributions,the nameof thelibrary is 1ibcluto. a, andfor
the Windows 32 distribution, the nameof thelibrary file is 1ibcluto. 1ib. At this pointno dynamiclink libraries
areprovidedfor eitherUnix- or Windows-basedlistributions;however, suchlibrariesmaybe providedin thefuture.

The methodby which an externallibrary is linkedto your programvariesfrom systemto system.In mostUnix-
basedsystemgoucanlink it by justspecifying- 1c1uto attheendof “cc” or “Id” commandine. Caremustbetaken
thatCLuTO’slibrary is in thedefaultlibrary searchpath.In mostcaseghis canbe modifiedby usingthe“-L” option
to specifythedirectorywherelibcluto. a is stored.For Windows-baseaystemsthelinking methoddepend®n
the particulardevelopmentervironment,andyou shouldconsultits documentation.

Any programthat usesCLUTO’s library mustincludethe cluto.h headeffile thatis provided with CLUTO’S
distribution. This file containsvariousconstantdefinitionsas well as function prototypesand allows C and C++
programgo acces<CLUTO's functions.

5.2 Matrix and Graph Data Structure

Most of theroutinesin CLUTO’s library take, asinput, the objectsto be clusteredn the form of a matrix. For some
routinesthis matrix correspondso the feature-spaceepresentatioof the objects thatis, therows arethe objectsand
thecolumnsarethefeatureqjustlik e the matrix-file for thevcluster program).Whereador someotherroutines this
matrix correspondso the adjaceng matrix of the similarity graphbetweerthe objects thatis, boththe rows andthe
columnsof thematrix correspondo theverticesin thegraph(justlik e the graph-filefor the scluster program).

Even thoughthesetwo type of matricesrepresenentirely differentinformation, they are providedto CLUTO’s
routinesusingthe samedatastructure.Thisis primarily becaus¢he adjaceng matrix of a graphis, afterall, a matrix
whichjusthappengo have the samenumberof rows andcolumns.

CLuTO’sroutinessupportbothsparseanddensematricesusingthe samesetof datastructures.

Sparse Matrix and Graph Data Structure A sparsematrixis suppliedto CLUTO’s routinesusingarow-based
compressedtoragdormat(CSR).The CSRformatis awidely usedschemdor storingsparsematrices.In this format
amatrix with n rows, m columns,andnnznon-zercentriesis representedsingthreearraysthatarecalledrowptr,
rowind, androwval. Thearrayrowptr is of sizen + 1 whereaghearraysrowind androwval areof sizennz

Thearrayrowind storesthe column-indicesof the non-zeroentriesin the matrix, andthe arrayrowval stores
their correspondingalues. In particular the array rowind storesthe column-indicesof the first row, followed by
the column-indiceof the secondow, andsoon. Similarly, thearrayrowval storesthe correspondingaluesof the
non-zercentriesof thefirst row, followed by the correspondingaluesof the non-zercentriesof the secondrow, and
soon. Thearrayrowptr is usedto determinewvherethe storageof arow startsandendsin thearrays,rowind and
rowval. Inparticularthecolumn-indice®f theith row arestoredstartingat rowind [rowptr [1] ] andendingat
(but notincluding)rowind [rowptr [1+1]1]. Similarly, thevaluesof the non-zercentriesof thei th row arestored
startingat rowval [rowptr [i] ] andendingat (but notincluding)rowval [rowptr [1+1] ]. Also notethatthe
numberof non-zercentriesof theith row issimply rowptr [i+1] -rowptr [1i].

Figure 16 illustratesthe CSR formatfor the sparsematrix usedearlierto illustratedthe format of the matrix file
usedby vcluster. Note, thatthe numberingof the columnsin the CSRformatstartsfrom zeroandnotfrom one.
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Figure 16: An example of the CSR format for storing sparse matrices.

Dense Matrix Data Structure A densematrixis suppliedto CLUTO’s routinesby usingonly therowval array
andsettingthe rowptr androwind arraysto NULL. In fact, CLUTO’s routinesdeterminethe input matrix format
by checkingto seeif rowptr is NULL or not. A densematrix with n rows andm columnsis passedo CLUTO by
supplyingin rowval then x m valuesof the matrix, in row-majororderformat. Thatis, the m valuesof theith row
(wherei takesvaluesfrom 0. ..n — 1) is storedstartingatlocationrowval [1i*m] andendingat (but notincluding)

rowval [ (1i+1) *m].

5.3 Clustering Parameters

Mostof CLUTO’sroutinestake, asinput, two parameterghatcontrolthesimilarity functionto beusedwhile clustering
theobjectsandtheclusteringecriterionfunctionto be optimizedin the proces®f clustering.Thesetwo parameterare
calledsimfunandcrfun, respectiely.

5.3.1 The simfun Parameter

This parametespecifiedthe similarity functionto be usedfor clusteringthe objects. This parameters similar to the
-simoptionof vcluster. Thepossiblevaluesfor the simfunparametearethefollowing:

CLUT O_SIM _COSINE The similarity betweerthe objectsis computedusingthe cosinefunc-
tion of theirvectors.This is the similarity functionusedby the default
settingsof vcluster andscluster.

CLUT O_SIM_CORRCOEF  The similarity betweenthe objectsis computedusing the correlation
coeficientof theirvectors.

CLUTO_SIM_EDISTANCE  Thesimilarity betweerthe objectsis computedo beinverselyrelated
to their Euclideandistanceln particular if dj j is thedistancebetween
two objects anddmax is themaximumdistancebetweerary two objects
in thedatasetthesimilarity betweertheseobjectsis setto be

di

simi, j)=1— —i
.1 1.0+ dme

5.3.2 The crfun Parameter

This parametespecifieghe clusteringcriterionfunctionto be usedin finding the clusters.This parameters similar
to the-crfun optionof vcluster andscluster. Thepossiblevaluesfor the crfun parametearethefollowing:

CLUTO_CLFUN_I1 Selectghell (Z1) criterionfunction.
CLUT O_CLFUN._I2 Selectghel2 (Z5) criterionfunction.
CLUTO_CLFUN_E1  SelectgheE1(&1) criterionfunction.
CLUTO_CLFUN_G1  SelectdheG1(G,) criterionfunction.
CLUTO_CLFUN_G1P SelectgheG1’ (G;) criterionfunction.
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CLUTO_CLFUN_H1  SelectgheH1 (#1) criterionfunction.

CLUTO_CLFUN_H2  SelectgheH2 (#2) criterionfunction.

CLUTO_CLFUN_SLINK  Selectghetraditionalsingle-linkmemging criterion.

CLUTO_CLFUN _SLINK W  Selectsthe weightedsingle-link meming criterion, in which the initial
similarity betweentwo clusterss scaledby the sumof the similaritiesbetween
the objectsof thecluster

CLUTO_CLFUN _CLINK  Selectghetraditionalcomplete-linkmeming criterion.

CLUTO_CLFUN _CLINK W Selectgheweightedcomplete-linkmerging criterion,in which the ini-

tial similarity betweenwo clustersis scaledby the sumof the similaritiesbe-
tweenthe objectsof the cluster

CLUTO_CLFUN _UPGMA SelectghetraditionalUPGMA meming criterion.

5.3.3 The cstype Parameter

This parametespecifiesthe methodto be usedfor selectingthe next clusterto be bisectedby CLUTO’s repeated-
bisecting-andgraph-partitioning-basesusteringalgorithms.This parameteis similarto the-cstypeoptionof vclus-
ter andscluster. The possiblevaluesfor the cstypeparametearethefollowing:

CLUTO_CSTYPE_LARGE Selectdo bisectthelargestclusterfrom the currentclusteringsolution.

CLUTO_CSTYPE_BEST Selectdo bisecttheclusterthatwill leadto thebestvalue oftheclustering
criterionfunctionthatis guidesthe clusteringprocess.

5.4 Object Modeling Parameters

Most of CLUTO’s routinestake @ input threeparametershat controlhow the rows andcolumnsof the input matrix
will bemodeled.Theseparameterarecalledrowmodelcolmode] andcolprune

5.4.1 The rowmodel Parameter

This parametespecifiethe modelto be usedfor scalingthe variouscolumnsof eachrow. This parameters similar
to the-rowmodebptionof vcluster. Thepossiblevaluesfor this parameteare:

CLUT O_ROWMODEL _NONE Thecolumnsof eachrow arenot scaledandusedassuppliedin the
rowval array

CLUT O_ROWMODEL _-MAXTF Thecolumnsof eachrow arescaledsotheir valuesarebetweer0.5
andl1.0.

CLUT O_ROWMODEL _SQRT The columnsof eachrow arescaledto be equalto the squareroot
of theiractualvalues.

CLUT O_ROWMODEL _LOG The columnsof eachrow arescaledto be equalto the log of their
actualvalues.

5.4.2 The colmodel Parameter

Thisparametespecifieshemodelto beusedfor scalingthevariouscolumnsgloballyacrossall therows of thematrix.
This parameters similar to the-colmodeloptionof vcluster. Thepossiblevaluesfor this parameteare:

CLUT O_COLMODEL _NONE Thecolumnsof thematrixarenotglobally scaledandthey areusedas
is.

CLUT O_COLMODEL _IDF The columnsof the matrix are scaledaccordingto the inversedocu-
mentfrequeng paradigm(IDF), thatwas describedn vcluster's sec-
tion.
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5.4.3 The grmodel Parameter

This parametespecifieghetype of k-nearesheighborgraphthatwill bebuilt by CLUTO’s graph-partitionindpased
clusteringalgorithms.This parameteis similar to the -grmodeloption of vcluster andscluster. Thepossiblevalues
for this parameteare:

CLUT O_GRMODEL _SYMETRIC _DIRECT An edgebetweentwo verticesu andv is included
if andonly if they arein the nearest-neighbdist of
eachother Theweightof this edgeis setequalto the
similarity of the objects.

CLUT O_GRMODEL _ASSYMETRIC _DIRECT An edgebetweentwo verticesu andv is included
aslong asoneof themis in the nearest-neighbdist
of the other The weight of this edgeis setequalto
the similarity of theobjects.

CLUT O_.GRMODEL _SYMETRIC _LINK An edgebetweentwo verticesu and v is included
if andonly if they arein the nearest-neighbdist of
eachother Theweightof this edgewas setequalto
thenumberof neighborghatverticesu andv havein
common.

CLUT O_GRMODEL _ASSYMETRIC _LINK An edgebetweentwo verticesu andv is includedas
long asoneof themis in the nearest-neighbdist of
the other The weight of this edgewas setequalto
thenumberof neighborghatverticesu andv havein
common.

CLUT O_.GRMODEL NONE Thesuppliedgraphis usedasis.

5.4.4 The colprune Parameter

This parametespecifieghefactorby whichthecolumnsof thematrixwill beprunedbeforeperformingtheclustering.
Valid rangeof valuesarefrom (0.0, 1.0]. A value ofl.0indicatesno pruningandis the default settingfor vcluster.

5.4.5 The edgeprune Parameter

This parametercontrolshow the edgesin the graph-partitioningclusteringalgorithmswill be prunedbasedon the
link-connectvity of theirincidentvertices.Pleasaeferto the discussiorof CLUTO’s -edgeprunefor furtherdetails.
A value of -1suppressesdge-pruning.

5.4.6 The vtxprune Parameter
This parametercontrolshow outlier verticesin the graph-partitioningclusteringalgorithmswill be prunedbasedon

theirdegree.Pleaseeferto the discussiorof CLUTO’s -vtxprunefor furtherdetails.A value of -1suppressegertex-
pruning.
5.5 Debugging Parameter

Mostof CLUTO'sroutinestake as inputaparametecalleddbglvithatcontrolstheamountof informationto beprinted.
Thisis usedfor internalpurpose@ndshouldbesetto 0, which suppresseany dehuggingoutput.
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5.6 Clustering Routines

void CLUTO_VP_ClusterDirect (int nrows,int ncols,int *rowptr, int *rowind, float *rowval, int simfun,

Description
Usedto clustera matrix into a specified(k) numberof clustersusing a partitional clusteringalgorithmthat
computeghek-way clusteringdirectly. Providesthefunctionalityof the-cimethod=diectclusteringmethodof
thevcluster program.

int crfun,int rovmodel,int colmodel float colprune jnt ntrials,int niter,
int seedjnt dbglvl, int nclustersjnt *part)

Input Parameter s
nrows, ncols

Thenumberof rows andcolumnsof theinput matrix whoserows storethe objectsto be clustered.

rowptr, rowind, rowval

Thematrixitself in theformatdescribedn Section5.2.

simfun, crfun

Theclusteringparametersvhosemeaningandpossiblevaluesaredescribedn Section5.3.

rowmodel,colmodel,colprune

ntrials

niter

seed
dbglvl

The objectmodelingparametersvhosemeaningandpossiblevaluesaredescribedn Section5.4.

Specifieghe numberof differentclusteringsolutionsto be computed The solutionthatachieves the
bestvalue ofthe criterionfunctionis the onethatis returned.The valuefor ntrials mustbe greater
thanzero,andvcluster’s default settingis 10.

Specifieghe maximumnumberof iterationsthat are performedduring eachrefinementycle. The
valuefor niter hasto be greateithanzero.

Theseedo beusedby therandom numbegeneratar

Thedehuggingparametewhosemeaningandpossiblevaluesaredescribedn Section5.5.

nclusters Thenumberof desiredclusters.

Output Parameter s

Note

part

This is an array of size nrowsthat uponsuccessfutompletionstoresthe clusteringvectorof the
matrix. Theith entryof this arraystoregheclusterumberthatthei th row of thematrix belonggo.
Notethatthenumberingof theclustersstartsfrom zero. Theapplicationis responsibléor allocating
thememoryfor this array

UndercertaincircumstancesCLUTO maynot be ableto assigna particularrow to a cluster In this
casethepart[] entryof thatparticularrow will besetto-1.
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void CLUTO_VP_ClusterRB (int nrows, int ncols,int *rowptr, int *rowind, float *rowval,

Description

int simfun,int crfun,int rowmodel,int colmodel floatcolprune,
int ntrials,int niter, int seedjnt cstype int kwayrefine,
int dbglvl, int nclustersjnt *part)

Usedto clusteramatrixinto a specified k) numberof clustersusinga partitionalclusteringalgorithmthatcom-
putesthek-wayby performingasequencef repeatedisections Providesthefunctionalityof the-clmethod=rb
and-clmethod=rbrclusteringmethod=f the vcluster program.

Input Parameter s
nrows, ncols

Thenumberof rows andcolumnsof theinput matrix whoserows storethe objectsto be clustered.

rowptr, rowind, rowval

Thematrixitself in theformatdescribedn Section5.2.

simfun, crfun, cstype

Theclusteringparametersvhosemeaningandpossiblevaluesaredescribedn Section5.3.

rowmodel,colmodel,colprune

The objectmodelingparametersvhosemeaningandpossiblevaluesaredescribedn Section5.4.

ntrials Specifieghe numberof differentclusteringsolutionsto be computed Thesolutionthatachiesesthe
bestvalue ofthe criterionfunctionis the onethatis returned.The valuefor ntrials mustbe greater
thanzero.

niter Specifieghe maximumnumberof iterationsthat are performedduring eachrefinementycle. The
valuefor niter hasto be greateithanzero.

seed Theseedo beusedby therandom numbegeneratar

kwayrefine
This parametecontrolswhetheror not the clusteringsolutionwill be globally optimizedat theend
by performinga seriesof k-way refinemeniterations.Thepossiblevaluesfor this parameteare:
0 Doesnotoptimizetheclusteringsolutionglobally.
1 Optimizestheclusteringsolutionglobally.
The global optimizationof the clusteringsolution can significantly increasethe amountof time
requiredto performtheclustering.

dbglivl Thedeluggingparametewhosemeaningandpossiblevaluesaredescribedn Section5.5.

nclusters Thenumberof desiredclusters.

Output Parameter s

part

Note

This is an array of size nrowsthat uponsuccessfutompletionstoresthe clusteringvectorof the
matrix. Thei th entryof this arraystoregheclusternumberthatthei th row of the matrix belongso.
Notethatthenumberingof theclustersstartsfrom zero. Theapplicationis responsibléor allocating
thememoryfor this array

UndercertaincircumstancesC LUTO maynot be ableto assigna particularrow to a cluster In this
casethepart[] entryof thatparticularrow will besetto -1.

CLUTO_VP_ClusterRBis considerablyfasterthanCLUTO_VP_ClusterDirectandit shouldbe preferredf the
numberof desirecclusterss quitelarge (e g., greatethan20-30).
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int CLUTO_VP_GraphClusterRB (int nrows,int ncols,int *rowptr, int *rowind, float *rowval,

Description

int simfun,int rovmodel,int colmodel floatcolprunejnt grmodel,
int nnbrs floatedgeprunefloat vtxprune,int mincmp,

int ntrials,int seedjnt cstype,int dbglvl, int nclusters,

int *part, float *crvalue)

Usedto clustera matrix into a specified(k) numberof clustersusing a graph-partitioning-basedustering
algorithmthat computesthe k-way by performinga sequencef repeatedmin-cut bisections. Provides the
functionalityof the -clmethod=gaphclusteringmethodof thevcluster program.

Input Parameter s
nrows, ncols

Thenumberof rows andcolumnsof theinput matrix whoserows storethe objectsto be clustered.

rowptr, rowind, rowval

Thematrixitself in theformatdescribedn Section5.2.

simfun, crfun, cstype

Theclusteringparametersvthosemeaningandpossiblevaluesaredescribedn Section5.3.

rowmodel,colmodel,colprune, vtxprune, edgeprune

nnbrs
mincmp

ntrials

seed
dbglvl

Theobjectmodelingparametersvhosemeaningandpossiblevaluesaredescribedn Section5.4.
Thenumberof neighborsf eachobjectthatwill beusedto createthe nearesheighborgraph.
Thesizeof theminimumconnecicomponenthatwill be prunedprior to clustering.

Specifieghe numberof differentclusteringsolutionsto be computed The solutionthatachieves the
bestvalue ofthe criterionfunctionis the onethatis returned.The valuefor ntrials mustbe greater
thanzero.

Theseedo beusedby therandom numbegeneratar

Thedeluggingparametewhosemeaningandpossiblevaluesaredescribedn Sections.5.

nclusters Thenumberof desiredclusters.

Output Parameters

part

crvalue

This is an array of size nrowsthat upon successfutompletionstoresthe clusteringvector of the
matrix. Thei th entryof this arraystoregheclusternumberthatthei th row of the matrix belongso.
Notethatthe numberingf theclustersstartsfrom zero. Theapplicationis responsibldor allocating
thememoryfor thisarray

UndercertaincircumstancesCLUTO maynot be ableto assigna particularrow to a cluster In this
casethepart[] entryof thatparticularrow will besetto-1.

Thisis avariablethatuponreturnsstoreghe edge-cubf theclusteringsolution.

Returned Value
Returnsthe numberof clustersthatit found. This numberwill be equalto the numberof desiredclustersplus
thenumberof connectedomponentin thegraph.

Note
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void CLUTO_VA _Cluster (int nrows,int ncols,int *rowptr, int *rowind, float *rowval,

Description
Usedto clustera matrix into a specified(k) numberof clustersusinga hierarchicalagglomeratie clustering
algorithm.Providesthe functionalityof the-cimethod=ajglo clusteringmethodof thevcluster program.

int simfun,int crfun,int rowmodel,int colmodel floatcolprune,
int dbglvl, int nclustersjnt *part, int *ptree,float *tsims, float *gains)

Input Parameter s
nrows, ncols

Thenumberof rows andcolumnsof theinput matrix whoserows storethe objectsto be clustered.

rowptr, rowind, rowval

Thematrixitself in theformatdescribedn Section5.2.

simfun, crfun

Theclusteringparametersvthosemeaningandpossiblevaluesaredescribedn Section5.3.

rowmodel,colmodel,colprune

dbglvl

Theobjectmodelingparametersvhosemeaningandpossiblevaluesaredescribedn Section5.4.
Thedehuggingparametewhosemeaningandpossiblevaluesaredescribedn Section5.5.

nclusters Thenumberof desiredclusters.

Output Parameter s

Note

part

ptree

tsims

gains

This is an array of size nrowsthat uponsuccessfutompletionstoresthe clusteringvectorof the
matrix. Theith entryof this arraystoresheclusterumberthatthei th row of thematrix belonggo.
Notethatthenumberingof theclustersstartsfrom zero. Theapplicationis responsibléor allocating
thememoryfor thisarray

UndercertaincircumstancesCLUTO maynot be ableto assigna particularrow to a cluster In this
casethepart[] entryof thatparticularrow will besetto-1.

This is anarrayof size 2*nrowsthat uponsuccessfutompletionstoresthe parentarray of the bi-
naryhierarchicatree.In thistree,eachnodecorrespondto a cluster Theleafnodesaretheoriginal
nrowsobjects andthey arenumberedrom 0 to nrows1. Theinternalnodesof thetreearenumbered
from nrowsto 2*nrows2. The numberingof the internalnodesis performedso that smallernum-
berscorrespondo clustersobtainedby meiging a pair of clustersearlierduringthe agglomeration
processTheroot of thetreeis numbere®*nrows2.

Theith entryof the ptreearraystoresthe parentnodeof thei nodeof thetree. The ptreeentryfor
therootis setto -1.

Theapplicationis responsibldor allocatingthe memoryfor this array

This is an arrayof size 2*nrowsthat uponsuccessfutompletionstoresthe averagesimilarity be-
tweenevery pair of siblings inthe inducedtree. In particular tsimsjf] storesthe averagepairwise
similarity betweerthe pair of clustersthatarethe childrenof theith nodeof thetree. Notethatthe
first nrowsentriesof this vectorarenot definedandaresetto 0.0.

Theapplicationis responsibldor allocatingthe memoryfor thisarray

Thisis anarrayof size2*nrowsthatuponsuccessfutompletionstoresthe gainsin the value ofthe
criterion function resultedby the meging pairsof clusters. In particular gains[i] storesthe gain
achievzed by memingthe clustersthatarethe childrenof theith nodeof thetree. Note thatthe first
nrowsentriesof this vectorarenot definedandaresetto 0.0.

Theapplicationis responsibldor allocatingthe memaoryfor this array

Dueto the high computationatequirement®f CLUTO VA Cluster it shouldonly be usedto clustermatrices
thathave fewerthan3,000-6,0000ws.
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void CLUTO_SP_ClusterDirect (int nrows,int *rowptr, int *rowind, float *rowval, int crfun,

Description
Usedto clustera graphinto a specified(k) numberof clustersusinga partitional clusteringalgorithmthat
computeshek-way clusteringdirectly. Providesthefunctionalityof the-clmethod=diectclusteringmethodof
thescluster program.

int ntrials, int niter, int seedjnt dbglvl, int nclustersint *part)

Input Parameter s

nrows

The numberof rows of the input adjaceng matrix whoserows storethe adjacenyg structureof the
betweerobjectsimilarity graph.

rowptr, rowind, rowval

crfun

ntrials

niter

seed
dbglvl

Thematrixitself in theformatdescribedn Section5.2.
Theclusteringcriterionfunctionwhosemeaningandpossiblevaluesaredescribedn Section5.3.

Specifieghe numberof differentclusteringsolutionsto be computed Thesolutionthatachiesesthe
bestvalue ofthe criterionfunctionis the onethatis returned.Thevaluefor ntrials mustbe greater
thanzero,andvcluster’'s default settingis 10.

Specifieghe maximumnumberof iterationsthat are performedduring eachrefinementycle. The
valuefor niter hasto begreateithanzero.

Theseedo beusedby therandom numbegeneratar

Thedeluggingparametewhosemeaningandpossiblevaluesaredescribedn Sections.5.

nclusters Thenumberof desiredclusters.

Output Parameters

Note

part

This is an array of size nrowsthat upon successfutompletionstoresthe clusteringvector of the
matrix. Theith entryof this arraystoresheclusterumberthatthei th row of thematrix belonggo.
Notethatthe numberingf theclustersstartsfrom zero. Theapplicationis responsibldor allocating
thememoryfor thisarray

UndercertaincircumstancesCLUTO maynot be ableto assigna particularrow to a cluster In this
casethepart[] entryof thatparticularrow will besetto -1.
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void CLUTO_SP_ClusterRB (int nrows, int *rowptr, int *rowind, float*rowval, int crfun

Description

int ntrials,int niter, int seedjnt cstype,jnt kwayrefine,
int dbglvl, int nclustersjnt *part)

Usedto clusteramatrixinto aspecified k) numberof clustersusinga partitionalclusteringalgorithmthatcom-
putesthek-wayby performingasequencef repeatedisections Providesthefunctionalityof the-clmethod=rb
and-clmethod=rbrclusteringmethod=f the scluster program.

Input Parameter s

nrows

The numberof rows of the input adjaceng matrix whoserows storethe adjacenyg structureof the
between-objectimilarity graph.

rowptr, rowind, rowval

Thematrixitself in theformatdescribedn Section5.2.

crfun, cstype

Theclusteringparametersvhosemeaningandpossiblevaluesaredescribedn Section5.3.

ntrials Specifieghe numberof differentclusteringsolutionsto be computed The solutionthatachieves the
bestvalue ofthe criterionfunctionis the onethatis returned.The valuefor ntrials mustbe greater
thanzero.

niter Specifieghe maximumnumberof iterationsthat are performedduring eachrefinementycle. The
valuefor niter hasto begreateithanzero.

seed Theseedo beusedby therandom numbegeneratar

kwayrefine
This parametecontrolswhetheror not the clusteringsolutionwill be globally optimizedat theend
by performinga seriesof k-way refinementiterations.The possiblevaluesfor this parameteare:
0 Doesnotoptimizethe clusteringsolutionglobally.
1 Optimizestheclusteringsolutionglobally.
The global optimizationof the clusteringsolution can significantly increasethe amountof time
requiredto performthe clustering.

dbglvl Thedeluggingparametewhosemeaningandpossiblevaluesaredescribedn Section5.5.

nclusters Thenumberof desiredclusters.

Output Parameters

part

Note

This is an array of size nrowsthat upon successfutompletionstoresthe clusteringvector of the
matrix. Thei th entryof this arraystoregheclusternumberthatthei th row of the matrix belonggo.
Notethatthe numberingf theclustersstartsfrom zero. Theapplicationis responsibldor allocating
thememoryfor thisarray

UndercertaincircumstancesCLUTO maynot be ableto assigna particularrow to a cluster In this
casethepart[] entryof thatparticularrow will besetto-1.

CLUTO_SP.ClusterRBis considerablyfasterthan CLUTO_SP._ClusterDirectandit shouldbe preferredif the
numberof desiredclusterss quitelarge (e g., greatethan20-30).
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int CLUTO_SP_GraphClusterRB (int nrows,int *rowptr, int *rowind, float *rowval, int nnbrs,

Description

floatedgeprund]oat vixprune,int mincmp,int ntrials,int seed,
int cstype.int dbglvl, int nclustersint *part, float*crvalue)

Usedto clustera matrix into a specified(k) numberof clustersusing a graph-partitioning-basedustering
algorithmthat computesthe k-way by performinga sequencef repeatedmin-cut bisections. Provides the
functionality of the-clmethod=gaphclusteringmethodof the scluster program.

Input Parameter s

nrows

The numberof rows of the input adjaceng matrix whoserows storethe adjacenyg structureof the
between-objectimilarity graph.

rowptr, rowind, rowval

cstype

Thematrixitself in theformatdescribedn Section5.2.

Theclusteringparametersvthosemeaningandpossiblevaluesaredescribedn Section5.3.

vtxprune, edgeprune

nnbrs
mincmp

ntrials

seed
dbglvl

Theobjectmodelingparametersvhosemeaningandpossiblevaluesaredescribedn Section5.4.

Thenumberof neighboraisedin theedge-andvertex-pruningcalculationsNotethatin thisroutine,
this variabledoesnot controlthe numberof neighborsn thegraph.

Thesizeof theminimumconnectomponenthatwill beprunedprior to clustering.

Specifieghe numberof differentclusteringsolutionsto be computed Thesolutionthatachiesesthe
bestvalue ofthe criterionfunctionis the onethatis returned.The valuefor ntrials mustbe greater
thanzero.

Theseedo beusedby therandom numbegeneratar

Thedehuggingparametewhosemeaningandpossiblevaluesaredescribedn Section5.5.

nclusters Thenumberof desiredclusters.

Output Parameters

part

crvalue

This is an array of size nrowsthat uponsuccessfutompletionstoresthe clusteringvectorof the
matrix. Thei th entryof this arraystoregheclusternumberthatthei th row of the matrix belongso.
Notethatthe numberingof theclustersstartsfrom zero. Theapplicationis responsibléor allocating
thememoryfor this array

UndercertaincircumstancesCLUTO maynot be ableto assigna particularrow to a cluster In this
casethepart[] entryof thatparticularrow will besetto-1.

Thisis avariablethatuponreturnsstoreghe edge-cubf theclusteringsolution.

Returned Value
Returnsthe numberof clustersthatit found. This numberwill be equalto the numberof desiredclustersplus
thenumberof connectedomponentin thegraph.

Note
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void CLUTO_SA _Cluster (int nrows, int *rowptr, int *rowind, float*rowval, int crfun,

Description
Usedto clustera matrix into a specified(k) numberof clustersusinga hierarchicalagglomeratie clustering
algorithm.Providesthefunctionality of the-clmethod=a&glo clusteringmethodof thescluster program.

int dbglvl, int nclustersint *part, int *ptree,float *tsims, float *gains)

Input Parameter s

nrows

The numberof rows of the input adjaceng matrix whoserows storethe adjacenyg structureof the
between-objectimilarity graph.

rowptr, rowind, rowval

crfun
dbglvl

Thematrixitself in theformatdescribedn Section5.2.
Theclusteringparametersvhosemeaningandpossiblevaluesaredescribedn Section5.3.

Thedehuggingparametewhosemeaningandpossiblevaluesaredescribedn Section5.5.

nclusters Thenumberof desiredclusters.

Output Parameters

Note

part

ptree

tsims

gains

This is an array of size nrowsthat uponsuccessfutompletionstoresthe clusteringvectorof the
matrix. Thei th entryof this arraystoregheclusternumberthatthei th row of the matrix belonggo.
Notethatthenumberingof theclustersstartsfrom zero. Theapplicationis responsibléor allocating
thememoryfor this array

UndercertaincircumstancesCLUTO maynot be ableto assigna particularrow to a cluster In this
casethepart[] entryof thatparticularrow will besetto-1.

This is anarrayof size 2*nrowsthat uponsuccessfutcompletionstoresthe parentarray of the bi-
naryhierarchicatree.In thistree,eachnodecorrespondto acluster Theleaf nodesaretheoriginal
nrowsobjectsandthey arenumberedrom 0 to nrows 1. Theinternalnodesof thetreearenumbered
from nrowsto 2*nrows2. The numberingof theinternalnodesis performedso that smallernum-
berscorrespondo clustersobtainedoy memging a pair of clustersearlierduringthe agglomeration
processTheroot of thetreeis numbere®*nrows2.

Theith entry of the ptreearraystoresthe parentnodeof thei nodeof thetree. The ptreeentryfor
therootis setto -1.

Theapplicationis responsibldor allocatingthe memaoryfor this array

This is an array of size 2*nrowsthat uponsuccessfutompletionstoresthe averagesimilarity be-
tweenevery pair of siblings inthe inducedtree. In particular tsimsjf] storesthe averagepairwise
similarity betweenrthe pair of clustersthatarethe childrenof theith nodeof thetree. Notethatthe
first nrowsentriesof this vectorarenot definedandaresetto 0.0.

Theapplicationis responsibldor allocatingthe memaoryfor this array

Thisis anarrayof size2*nrowsthatuponsuccessfutompletionstoresthe gainsin the value ofthe
criterion function resultedby the meging pairsof clusters. In particular gains[i] storesthe gain
achiered by memging the clustersthatarethe childrenof theith nodeof thetree. Note thatthefirst
nrowsentriesof this vectorarenot definedandaresetto 0.0.

Theapplicationis responsibldor allocatingthe memoryfor this array

Dueto the high computationatequirementef CLUTO _SA Cluster it shouldonly be usedto clustermatrices
thathave fewerthan3,000-6,0000ws.
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void CLUTO_V_BuildT ree (int nrows, int ncols,int *rowptr, int *rowind, float *rowval, int simfun

Description

int crfun,int rovmodel,int colmodel float colprunejnt treetype,
int dbglvl, int nclustersint *part, int *ptree, float *tsims, float *gains)

Builds a hierarchicalagglomeratie treethat preseresthe clusteringsolutionsuppliedin the part array It can
build two typesof trees. Thefirst typeis a tree built on top of a particularclusteringsolution, suchthat the
leaves of the treecorrespondo the differentclusters. This is the type of treeusedwhenthe -showteeoption
of vcluster is specified. The secondype of treeis a completeagglomeratie treethatpreseresthe clustering.
This is thetype of treeusedwhenthe -fulltree option of vcluster is specified.The hierarchicalagglomeratie
treeis build sothatit optimizesa particularclusteringcriterionfunction.

Input Parameter s
nrows, ncols

Thenumberof rows andcolumnsof theinput matrix whoserows storethe objectsto be clustered.

rowptr, rowind, rowval

Thematrixitself in theformatdescribedn Section5.2.

simfun, crfun

Theclusteringparametersvthosemeaningandpossiblevaluesaredescribedn Section5.3.

rowmodel,colmodel,colprune

treetype

dbglvl
nclusters
part

Theobjectmodelingparametersvhosemeaningandpossiblevaluesaredescribedn Section5.4.

Specifieghetype of treethatneedso bebuilt. The possiblevaluesfor this parameteare:
CLUTO_TREE_TOP Builds atreewhoseleaves correspondo thedifferentclusters.
CLUTO_TREE_FULL Builds acompletetreethat preseresthe clusteringsolution.
Thedeluggingparametewhosemeaningandpossiblevaluesaredescribedn Sections.5.
Thenumberof clustersin the suppliedclusteringsolution.

An array of size nrows that storesthe clusteringsolution. Theith entry of this array storesthe
clusternumbetthatthei th row of the matrixbelonggo. Thisarrayshouldcorrespondo aclustering
solutionreturnedby CLUTO’s clusteringroutines.Notethatthe numberingf theclustersstartsfrom

zero.

Output Parameters

ptree

An arraywhosesizedepend®n thetype of treethatis requested.

If treetype==CLUT_TREETORP, thenit is of size 2*nclustes that upon successfucompletion
storegheparentarrayof thebinaryhierarchicatree.In this tree,eachnodecorrespondso a cluster
Theleaf nodesarethe original nclustes clusterssuppliedvia thepart array andthey arenumbered
from 0 to nclustes-1. Theinternalnodesof thetreearenumberedrom nclustes to 2*nclustes-2.
Theroot of thetreeis numbere®*nclustes-2.

If treetype==CLUD_TREEFULL, thenit is of size2*nrowsthatuponsuccessfutompletiorstores
the parentarrayof the binary hierarchicatree. In thistree,eachnodecorrespondso a cluster The
leafnodesaretheoriginalrows of thematrix, andthey arenumberedrom O to nrows1. Theinternal
nodesof thetreearenumberedrom nrowsto 2*nrows2. Theroot of thetreeis numbere@®*nrows
2.

Thenumberingof theinternalnodess donein suchafashionsothatsmallernumbersorrespondo
clustersobtainedby merging a pair of clustersearlierduringtheagglomeratiomprocess.

Theith entry of the ptreearraystoresthe parentnodeof thei nodeof thetree. The ptreeentryfor
therootis setto -1.

Theapplicationis responsibldor allocatingthe memoryfor this array
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Note

tsims

gains

An arraywhosesizedepend®nthetypeof treethatis requestedif treetype==CLUT TREETOP,
thenit is of size2*nclustes andif treetype==CLUTD_TREEFULL thenit is of size2*nrows

Upon successfutompletionstoresthe averagesimilarity betweenevery pair of siblings inthe in-
ducedtree. In particular tsimsf ] storesthe averagepairwisesimilarity betweerthe pair of clusters
thatarethe childrenof theith nodeof thetree. Note thatthefirst nclustes or nrowsentriesof this
vectorarenotdefinedandaresetto 0.0.

Theapplicationis responsibldor allocatingthe memoryfor this array

An arraywhosesizedepend®nthetypeof treethatis requestedif treetype==CLUD TREETOP,
thenit is of size2*nclustes andif treetype==CLUTD_TREEFULL thenit is of size2*nrows
Upon successfubtompletionstoresthe gainsin the value ofthe criterion function resultedby the
merging pairsof clusters.In particulay gainsifi] storesghegainachieved by memgingthe clusterghat
arethechildrenof thei th nodeof thetree.Notethatthefirst nclustes or nrowsentriesof this vector
arenotdefinedandaresetto 0.0.

Theapplicationis responsibldor allocatingthe memaoryfor this array

In orderfor thisroutineto build theaccuratdreefor aparticularclusteringsolution thevaluesfor therowmode|
colmode] andcolpruneparametershouldbeidenticalto thoseusedto computethe clusteringsolution.

This routine can be usedto build the hierarchicalagglomeratie tree with respectto ary clusteringcriterion
functionregardlesof the criterionfunctionusedto computethe clusteringsolution.
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void CLUTO_S_BuildT ree (int nrows, int *rowptr, int *rowind, float*rowval, int crfun,int treetype,

Description

int dbglvl, int nclustersint *part, int *ptree, float *tsims, float *gains)

Builds a hierarchicalagglomeratie treethat preseresthe clusteringsolutionsuppliedin the part array It can
build two typesof trees. Thefirst typeis a tree built on top of a particularclusteringsolution, suchthat the
leaves of the treecorrespondo the differentclusters. This is the type of treeusedwhenthe -showteeoption
of scluster is specified.The secondype of treeis a completeagglomeratie treethatpreseresthe clustering.
This is thetype of treeusedwhenthe -fulltree option of scluster is specified.The hierarchicalagglomeratie
treeis build sothatit optimizesa particularclusteringcriterionfunction.

Input Parameter s

nrows

The numberof rows of the input adjaceng matrix whoserows storethe adjaceng structureof the
between-objectimilarity graph.

rowptr, rowind, rowval

crfun
treetype

dbglvl
nclusters

part

Thematrixitself in theformatdescribedn Section5.2.

Theclusteringparametersvhosemeaningandpossiblevaluesaredescribedn Section5.3.

Specifieghetypeof treethatneedgo bebuilt. Thepossiblevaluesfor this parameteare:
CLUTO_TREE_TOP Builds atreewhoseleaves correspondo thedifferentclusters.
CLUTO_TREE_FULL Builds acompletereethatpreseresthe clusteringsolution.
Thedeluggingparametewhosemeaningandpossiblevaluesaredescribedn Sections.5.
Thenumberof clustersin the suppliedclusteringsolution.

An array of size nrows that storesthe clusteringsolution. The ith entry of this array storesthe
clusternumberthatthei th row of thematrixbelonggo. Thisarrayshouldcorrespondo a clustering
solutionreturnedby CLUTO’s clusteringroutines.Notethatthe numberingf theclustersstartsfrom

zero.

Output Parameter s

ptree

An arraywhosesizedepend®nthetype of treethatis requested.

If treetype==CLUT_TREETORP, thenit is of size 2*nclustes that upon successfucompletion
storegheparentarrayof thebinaryhierarchicatree.In this tree,eachnodecorrespondso a cluster
Theleaf nodesarethe original nclustes clusterssuppliedvia thepart array andthey arenumbered
from 0 to nclustes-1. Theinternalnodesof thetreearenumberedrom nclustes to 2*nclustes-2.
Theroot of thetreeis numbere®*nclustes-2.

If treetype==CLUD_TREEFULL, thenit is of size2*nrowsthatuponsuccessfutompletiorstores
the parentarrayof the binaryhierarchicaltree. In this tree,eachnodecorrespond#o a cluster The
leafnodesaretheoriginalrows of thematrix,andthey arenumberedrom 0 to nrows1. Theinternal
nodesof thetreearenumberedrom nrowsto 2*nrows 2. Therootof thetreeis numbere®*nrows
2.

Thenumberingof theinternalnodeds donein suchafashionsothatsmallernumbersorrespondo
clustersobtainedby merging a pair of clustersearlierduringtheagglomeratiomprocess.

Theith entry of the ptreearraystoresthe parentnodeof thei nodeof thetree. The ptreeentryfor
therootis setto -1.

Theapplicationis responsibldor allocatingthe memoryfor this array
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Note

tsims

gains

An arraywhosesizedepend®nthetypeof treethatis requestedif treetype==CLUT TREETOP,
thenit is of size2*nclustes andif treetype==CLUTD_TREEFULL thenit is of size2*nrows

Upon successfutompletionstoresthe averagesimilarity betweenevery pair of siblings inthe in-
ducedtree. In particular tsimsf ] storesthe averagepairwisesimilarity betweerthe pair of clusters
thatarethe childrenof theith nodeof thetree. Note thatthefirst nclustes or nrowsentriesof this
vectorarenotdefinedandaresetto 0.0.

Theapplicationis responsibldor allocatingthe memoryfor this array

An arraywhosesizedepend®nthetypeof treethatis requestedif treetype==CLUD TREETOP,
thenit is of size2*nclustes andif treetype==CLUTD_TREEFULL thenit is of size2*nrows
Upon successfubtompletionstoresthe gainsin the value ofthe criterion function resultedby the
merging pairsof clusters.In particulay gainsifi] storesghegainachieved by memgingthe clusterghat
arethechildrenof thei th nodeof thetree.Notethatthefirst nclustes or nrowsentriesof this vector
arenotdefinedandaresetto 0.0.

Theapplicationis responsibldor allocatingthe memaoryfor this array

In orderfor thisroutineto build theaccuratdreefor aparticularclusteringsolution thevaluesfor therowmode|
colmode] andcolpruneparametershouldbeidenticalto thoseusedto computethe clusteringsolution.

This routine can be usedto build the hierarchicalagglomeratie tree with respectto ary clusteringcriterion
functionregardlesof the criterionfunctionusedto computethe clusteringsolution.
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5.7 Graph Creation Routines

int CLUTO_V_GetGraph (int nrows,int ncols,int *rowptr, int *rowind, float *rowval,
int simfun,int rowmodel,int colmodel float colprunent grmodel,
int nnbrs,int dbglvl, int **growptr, int **growind, float **growval)

Description
Usedto createa nearest-neighbagraphof the setof objects. This is graphcanbe usedasinput to the graph-
partitioningbaseclusteringalgorithm(CLUTO _SP.GraphClusterRB).

Input Parameter s
nrows, ncols

Thenumberof rows andcolumnsof theinput matrix whoserows storethe objectsto be clustered.
rowptr, rowind, rowval
Thematrixitself in theformatdescribedn Section5.2.

simfun  Themethodusedto computethe similarity betweerobjects whosemeaningandpossiblevaluesare
describedn Section5.3.1.

rowmodel,colmodel,grmodel, colprune
The objectmodelingparametersvhosemeaningandpossiblevaluesaredescribedn Section5.4.

nnbrs Thenumberof neighborsof eachobjectthatwill beusedto createthe nearesheighborgraph.

dbglivl Thedeluggingparametewhosemeaningandpossiblevaluesaredescribedn Sections.5.

Output Parameter s
growptr, growind, growval

Theseare threearraysstoringthe computedgraphin the CSR matrix format. Memory for these
arraysareallocatedwithin CLUTO’s library. However, the applicationis responsibldor freeingthis
memory

Note
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int CLUTO_S_GetGraph (int nrows,int *rowptr, int *rowind, float *rowval, int grmodel,
int nnbrs,int dbglvl, int **growptr, int **growind, float **growval)

Description
Usedto createa nearest-neighbagraphof the setof objects. This is graphcanbe usedasinputto the graph-
partitioningbasedlusteringalgorithm(CLUTO _SP.GraphClusterRB).

Input Parameter s
nrows  Thenumberof rows of theadjaceng matrix (i.e., thenumberof verticesin thegraph).
rowptr, rowind, rowval
Thematrixitselfin theformatdescribedn Section5.2.
grmodel Thetypeof graphto beconstructedThe meaningandpossiblevaluesaredescribedn Section5.4.
nnbrs Thenumberof neighborof eachobjectthatwill beusedto createthe nearesheighborgraph.

dbglvl Thedeluggingparametewhosemeaningandpossiblevaluesaredescribedn Sections.5.

Output Parameter s
growptr, growind, growval

Thesearethreearraysstoringthe computechrowsvertex graphin the CSRmatrix format. Memory
for thesearraysareallocatedwithin CLUTO’s library. However, the applicationis responsibldor
freeingthis memory

Note
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5.8 Cluster Statistics Routines

float CLUTO_V_GetSolutionQuality (int nrows, int ncols,int *rowptr, int *rowind, float *rowval, int simfun,
int crfun,int rowmodel,int colmodel float colprune,nt nclustersint *part)

Description
Returnghevalue ofa particularcriterionfunctionfor a givenclusteringsolution.

Input Parameter s
nrows, ncols

Thenumberf rowsandcolumnsof theinputmatrixwhoserows storetheobjectsthatwereclustered.
rowptr, rowind, rowval

Thematrixitselfin theformatdescribedn Section5.2.
simfun, crfun

Theclusteringparametersvthosemeaningandpossiblevaluesaredescribedn Section5.3.
rowmodel,colmodel,colprune
Theobjectmodelingparametersvhosemeaningandpossiblevaluesaredescribedn Section5.4.

nclusters Thenumberof clustersin the suppliedclusteringsolution.

part An array of size nrows that storesthe clusteringsolution. Theith entry of this array storesthe
clusternumbetthatthei th row of the matrix belonggo. Thisarrayshouldcorrespondo aclustering
solutionreturnedby CLUTO’s clusteringroutines.Notethatthe numberingf theclustersstartsfrom
zero.

Returned Value
This functionreturnsthe value ofthe clusteringcriterionfunction of the suppliedclusteringsolution. Please
referto [6] for the exactdefinitionsof thesecriterionfunctions.

Note
Thisroutinecanbeusedto find thevalue ofary clusteringcriterionfunctionregardlesf thecriterionfunction
usedto computethe clusteringsolution.
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float CLUTO_S_GetSolutionQuality (int nrows,int *rowptr, int *rowind, float *rowval, int crfun,
int nclustersint *part)

Description
Returnghevalue ofa particularcriterionfunctionfor a givenclusteringsolution.

Input Parameter s

nrows  Thenumberf rowsandcolumnsof theinputmatrixwhoserows storetheobjectshatwereclustered.
rowptr, rowind, rowval
Thematrixitselfin theformatdescribedn Section5.2.
crfun Theclusteringparametersvhosemeaningandpossiblevaluesaredescribedn Section5.3.
nclusters Thenumberof clustersin the suppliedclusteringsolution.
part An array of size nrows that storesthe clusteringsolution. The ith entry of this array storesthe
clusternumberthatthei th row of thematrixbelonggo. Thisarrayshouldcorrespondo a clustering

solutionreturnedoy CLUTO’s clusteringroutines.Notethatthe numberingf theclustersstartsfrom
zero.

Returned Value

This functionreturnsthe value ofthe clusteringcriterion function of the suppliedclusteringsolution. Please
referto [6] for the exactdefinitionsof thesecriterionfunctions.

Note

Thisroutinecanbeusedto find thevalue ofary clusteringcriterionfunctionregardles®f thecriterionfunction
usedto computetheclusteringsolution.
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void CLUTO_V _GetClusterStats (int nrows,int ncols,int *rowptr, int *rowind, float *rowval,

Description

int simfun,int rovmodel,int colmodel float colprunejnt nclusters,
int *part, int *pwgts, float *cintsim, float *cintsdev, float *izscores,
float*cextsim, float *cextsdey, float *ezscores)

Returnsa numberof statisticsabouta givenclusteringsolution.

Input Parameter s
nrows, ncols

Thenumberf rowsandcolumnsof theinputmatrixwhoserows storetheobjectsthatwereclustered.

rowptr, rowind, rowval

simfun

Thematrixitself in theformatdescribedn Section5.2.

Theclusteringsimilarity functionwhosemeaningandpossiblevaluesaredescribedn Section5.3.1.

rowmodel,colmodel,colprune

The objectmodelingparametersvhosemeaningandpossiblevaluesaredescribedn Section5.4.

nclusters Thenumberof clustersin the suppliedclusteringsolution.

part

An array of size nrows that storesthe clusteringsolution. Theith entry of this array storesthe
clusternumberthatthei th row of thematrixbelonggo. Thisarrayshouldcorrespondo a clustering
solutionreturnedby CLUTO’s clusteringroutines.Notethatthe numberingf theclustersstartsfrom

zero.

Output Parameter s

pwagts

cintsim

cintsdev

izscores

cextsim

cextsdey

€ZSCoes

An arrayof sizenclustes thatreturnsthe sizesof thedifferentclusters.In particular the sizeof the
i th clusteris returnedn pwgtsj]. Theapplicationis responsibldor allocatingthe memoryfor this
array

An arrayof sizenclustes that returnsthe averagesimilarity betweerthe objectsassignedo each
cluster In particular the averagesimilarity betweenthe objectsof theith clusteris returnedin
cintsim[i]. Theapplicationis responsibldor allocatingthe memoryfor this array

An arrayof sizenclustes thatreturnsthe standardleviation of the averagesimilarity betweereach
objectandthe otherobjectsin its own cluster In particular the standarddeviation of theith cluster
is returnedn cintsde/[i]. Theapplicationis responsibldor allocatingthe memoryfor this array

An arrayof sizenrowsthatreturnsthe internalz-scoresof eachobject. The internalz-scoreof the

i th objectis returnedn izscored[]. Theinternalz-scoreof eachobjectis describedn thediscussion
of the-zscoesoptionof vcluster. Theapplicationis responsibldor allocatingthe memoryfor this

array

An arrayof sizenclustes thatreturnsthe averagesimilarity betweerthe objectsof eachclusterand
theremainingobjects.In particular the averageexternal similarity of the objectsof thei th clusteris
returnedn cextsim[i]. Theapplicationis responsibldor allocatingthe memoryfor this array

An arrayof sizenclustes thatreturnsthe standarddeviation of the averageexternalsimilarities of
eachobject. In particular the external standardieviation of the objectsof theith clusteris returned
in cextsdev[i]. Theapplicationis responsibldor allocatingthe memoryfor this array

An arrayof sizenrowsthatreturnsthe externalz-scoresof eachobject. The externalz-scoreof the
i th objectis returnedn ezscores|. Theexternalz-scoreof eachobjectis describedn thediscussion
of the-zscoesoptionof vcluster. Theapplicationis responsibldor allocatingthe memoryfor this
array
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Note

Thevariousvaluesfor thesimfun rowmodelandcolmodebarameteraredefinedn cluto. h, andthisheader
file mustbeincludedin all programghatuseCLuTO’s library.

In orderfor this routineto get theaccuratestatisticsfor a particularclusteringsolution,the valuesfor the row-
mode] colmode] andcolpruneparametershouldbeidenticalto thoseusedto computethe clusteringsolution.

57



void CLUTO_S_GetClusterStats (int nrows,int *rowptr, int *rowind, float *rowval, int nclusters,
int *part, int *pwgts, float *cintsim, float *cintsdev, float *izscores,
float*cextsim, float *cextsdey, float *ezscores)

Description
Returnsa numberof statisticsabouta givenclusteringsolution.

Input Parameter s
nrows  Thenumbermfrowsandcolumnsof theinputmatrixwhoserows storetheobjectsthatwereclustered.
rowptr, rowind, rowval
Thematrixitselfin theformatdescribedn Section5.2.

nclusters Thenumberof clustersin the suppliedclusteringsolution.

part An array of size nrows that storesthe clusteringsolution. Theith entry of this array storesthe
clusternumberthatthei th row of thematrixbelonggo. Thisarrayshouldcorrespondo a clustering
solutionreturnedby CLUTO’s clusteringroutines.Notethatthe numberingf theclustersstartsfrom
zero.

Output Parameter s
pwgts An arrayof sizenclustes thatreturnsthe sizesof the differentclusters.In particular the sizeof the
i th clusteris returnedn pwgtsj]. Theapplicationis responsibldor allocatingthe memoryfor this
array

cintsim  An arrayof size nclustes thatreturnsthe averagesimilarity betweenthe objectsassignedo each
cluster In particular the averagesimilarity betweenthe objectsof theith clusteris returnedin
cintsim[i]. Theapplicationis responsibldor allocatingthe memoryfor this array

cintsdev  An arrayof sizenclustes thatreturnsthe standardieviation of the averagesimilarity betweereach
objectandthe otherobjectsin its own cluster In particular the standardleviation of theith cluster
is returnedn cintsde/[i]. Theapplicationis responsibldor allocatingthe memoryfor thisarray

izscores An arrayof sizenrowsthatreturnsthe internalz-scoresof eachobject. Theinternalz-scoreof the
i th objectis returnedn izscored]. Theinternalz-scoreof eachobjectis describedn thediscussion
of the-zscoesoptionof vcluster. Theapplicationis responsibldor allocatingthe memoryfor this
array

cextsim An arrayof sizenclustes thatreturnsthe averagesimilarity betweerthe objectsof eachclusterand
theremainingobjects.In particular the averageexternalsimilarity of the objectsof theith clusteris
returnedn cextsim[i]. Theapplicationis responsibldor allocatingthe memoryfor this array

cextsde An arrayof sizenclustes thatreturnsthe standarddeviation of the averageexternalsimilarities of
eachobiject.In particular the external standardieviation of the objectsof thei th clusteris returned
in cextsdev[i]. Theapplicationis responsibldor allocatingthe memoryfor this array

ezscoes An arrayof sizenrowsthatreturnsthe externalz-scoresof eachobject. The externalz-scoreof the
i th objectis returnedn ezscores|. Theexternalz-scoreof eachobjectis describedn thediscussion
of the-zscoesoptionof vcluster. Theapplicationis responsibldor allocatingthe memoryfor this
array

Note
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void CLUTO_V GetClusterFeatures (int nrows,int ncols,int *rowptr, int *rowind, float *rowval,
int simfun,int rovmodel,int colmodel float colprune,nt nclusters,
int *part, int nfeaturesint *internalids,float *internalwgts,
int *externalids float *externaivgts)

Description
Returnsthe set of featuresthat bestdescribeand discriminateeachone of the clustersof a given clustering
solution.It providesthefunctionalityof the-showfeatuesoptionof the vcluster program.
Input Parameter s
nrows, ncols
Thenumberf rowsandcolumnsof theinputmatrixwhoserows storetheobjectsthatwereclustered.
rowptr, rowind, rowval
Thematrixitselfin theformatdescribedn Section5.2.

simfun  Theclusteringsimilarity functionwhosemeaningandpossiblevaluesaredescribedn Section5.3.1.
rowmodel,colmodel,colprune
The objectmodelingparametersvhosemeaningandpossiblevaluesaredescribedn Section5.4.

nclusters Thenumberof clustersin the suppliedclusteringsolution.

part Thisis anarrayof sizenrowsthatstoreshe clusteringsolution. Thei th entryof thisarraystoreshe
clusternumberthatthei th row of thematrixbelonggo. Thisarrayshouldcorrespondo a clustering
solutionreturnedby CLUTO’s clusteringroutines.Notethatthe numberingf theclustersstartsfrom
zero.

nfeatures Thenumberof descriptve anddiscriminatingfeatureghatis desired.

Output Parameter s
internalids

An arrayof sizenclustes*nfeatuesthatreturnshe columnnumbersof thedescriptive featuresThe
setof featuresof theith clusterarestoredin theinternalidsarraystartingat locationi * nfeatues
up to location(but excluding) (i + 1) * nfeatues The setof featuredfor eachclusterarereturned
in decreasingmportanceorder The numberingof the returnedcolumnsstartsfrom zero. The
applicationis responsibldor allocatingthe memoryfor this array

inter nalwgts
An arrayof sizenclustes*nfeatuesthatreturnsthe weight of eachoneof the descriptve features
returnedn theinternalidsarray Theweightof thefeaturesstoredn thei thlocationof theinternalids
arrayis returnedin theith locationof the internalwgtsarray The weightsare numbersbhetween
0.0and 1.0 andrepresenthe fraction of the within clustersimilarity that eachparticularfeatureis
responsibldor. Theapplicationis responsibldor allocatingthe memoryfor this array

extemalids
This is anarrayof size nclustes*nfeatuesthat returnsthe columnnumbersof the discriminating
features.The setof featureof theith clusterarestoredin the externalidsarraystartingat location
i x nfeatuesupto location(but excluding)(i + 1) = nfeatues Thesetof featuredor eachclusterare
returnedin decreasingmportanceorder The numberingof the returnedcolumnsstartsfrom zero.
Theapplicationis responsibldor allocatingthe memoryfor this array

extemalwgts
Thisis anarrayof sizenclustes*nfeatuesthatreturnstheweightof eachoneof the discriminating
featuregeturnedn theexternalidsarray Theweightof thefeaturesstoredin theith locationof the
externalidsarrayis returnedn theith locationof the externalwgtsarray Theweightsarenumbers
betweerD.0andl.0andrepresenthefractionof thedissimilarity betweerthe clusterandtherestof
theobjectsthateachparticularfeatureis responsibldéor. Theapplications responsibldor allocating
thememoryfor thisarray
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Note
Thevariousvaluesfor thesimfun rowmodelandcolmodebarameteraredefinedn cluto. h, andthisheader
file mustbeincludedin all programghatuseCLuTO’s library.

In orderfor this routineto get theaccurateset of featuresfor a particularclusteringsolution, the valuesfor
therowmode| colmode] andcolpruneparametershouldbeidenticalto thoseusedto computethe clustering
solution.
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void CLUTO_V _GetTreeStats (int nrows,int ncols,int *rowptr, int *rowind, float *rowval,

Description
Returnsanumberof statisticsabouttheclusterscorrespondingp thedifferentnodesof thehierarchicabgglom-
eratvetree.

int simfun,int rovmodel,int colmodel float colprunejnt nclusters,
int *part, int *ptree,int *pwgts, float *cintsim, float *cextsim)

Input Parameter s
nrows, ncols

Thenumberf rowsandcolumnsof theinputmatrixwhoserows storetheobjectsthatwereclustered.

rowptr, rowind, rowval

simfun

Thematrixitself in theformatdescribedn Section5.2.

Theclusteringsimilarity functionwhosemeaningandpossiblevaluesaredescribedn Section5.3.1.

rowmodel,colmodel,colprune

Theobjectmodelingparametersvhosemeaningandpossiblevaluesaredescribedn Section5.4.

nclusters Thenumberof clustersin the suppliedclusteringsolution.

part

ptree

An array of size nrows that storesthe clusteringsolution. Theith entry of this array storesthe
clusternumberthatthei th row of thematrixbelonggo. Thisarrayshouldcorrespondo a clustering
solutionreturnedby CLUTO’s clusteringroutines.Notethatthe numberingf theclustersstartsfrom

zero.

An arrayof size2*nclustes thatwas populatecby the CLUTO_V BuildTreeroutine.

Output Parameters

Note

pwgts

cintsim

cextsim

An arrayof size2*nclustes thatreturnsthe sizesof the clusterscorrespondingo the variousnodes
of the tree. In particular the size of the clustercorrespondindo the ith tree-nodeis returnedin
pwgtsf]. Theapplicationis responsibldor allocatingthe memoryfor this array

An arrayof size2*nclustes thatreturnsthe averagesimilarity betweerthe objectsassignedo each
cluster In particular the averagesimilarity betweerthe objectsof the clustercorrespondingdo the
i th tree-nodes returnedn cintsim[i]. Theapplicationis responsibldor allocatingthe memoryfor

thisarray

An arrayof size 2*nclustess thatreturnsthe averagesimilarity betweerthe objectsof eachcluster
andtheir sibling clusterin thetree.In particular the averageexternal similarity of the objectsof the
i th clusteris returnedn cextsim[i]. Notethateachpair of sibling clusterswill havethesamecextsim
value.Theapplicationis responsibldor allocatingthe memoryfor this array

Thevariousvaluesfor thesimfun rowmodelandcolmodebarameteraredefinedn cluto. h, andthisheader
file mustbeincludedin all programghatuseCLuTO’s library.

In orderfor this routineto get theaccuratestatisticsfor a particularclusteringsolution, the valuesfor the
rowmode| colmode] andcolprune nclustes, part, andptree parametershouldbe identicalto thoseusedto
computethe clusteringsolutionandbuild the hierarchicagglomeratie tree.
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void CLUTO_V _GetTreeFeatures (int nrows, int ncols,int *rowptr, int *rowind, float *rowval,
int simfun,int rovmodel,int colmodel float colprunejnt nclusters,
int *part, int *ptree,int nfeaturesint *internalids,float *internaWwgts,
int *externalidsfloat *externaivgts)

Description
Returnsthe set of featuresthat bestdescribeand discriminateeachone of the clusterscorrespondingdo the
variousnodesof the hierarchicalgglomeratie treethatwas built on top of the clusteringsolution. It provides
thefunctionalityof the-labeltreeoptionof the vcluster program.

Input Parameter s
nrows, ncols

Thenumberof rowsandcolumnsof theinputmatrixwhoserows storetheobjectshatwereclustered.
rowptr, rowind, rowval
Thematrixitself in theformatdescribedn Section5.2.

simfun  Theclusteringsimilarity functionwhosemeaningandpossiblevaluesaredescribedn Section5.3.1.

rowmodel,colmodel,colprune
Theobjectmodelingparametersvhosemeaningandpossiblevaluesaredescribedn Section5.4.

nclusters Thenumberof clustersin the suppliedclusteringsolution.

part An array of size nrows that storesthe clusteringsolution. The ith entry of this array storesthe
clusternumberthatthei th row of thematrixbelonggo. Thisarrayshouldcorrespondo a clustering
solutionreturnedby CLUTO’s clusteringroutines.Notethatthe numberingf theclustersstartsfrom
zero.

ptree An arrayof size2*nclustes thatwas populatecby the CLUTO_V BuildTreeroutine.

nfeatures The numberof descriptve anddiscriminatingfeatureghatis desired.

Output Parameter s
internalids

An arrayof size2*nclustes*nfeatuesthatreturnsthe columnnumbersof the descriptive features.
Thesetof featureof the clustercorrespondingp thei th treenodearestoredin theinternalidsarray
startingatlocationi x nfeatuesupto location(but excluding)(i + 1) * nfeatues Thesetof features
for eachclusterarereturnedn decreasingmportanceorder Thenumberingof thereturnedcolumns
startsfrom zero. Theapplicationis responsibldor allocatingthe memoryfor this array

internalwgts
An arrayof size2*nclustes*nfeatuesthatreturnstheweightof eachoneof thedescriptve features
returnedn theinternalidsarray Theweightof thefeaturesstoredn thei thlocationof theinternalids
arrayis returnedin theith location of the internalwgtsarray The weightsare numbersbetween
0.0and1.0andrepresenthe fraction of the within clustersimilarity that eachparticularfeatureis
responsibldor. Theapplicationis responsibldor allocatingthe memaoryfor this array

extermnalids
An arrayof size 2*nclustes*nfeatuesthatreturnsthe columnnumbersof the discriminating fea-
tures. The discriminatingfeaturesare definedwithin the context of the pair of clustersthatarethe
childrenof thesametreenode.Consequentlthereareno discriminatingfeaturedfor the root node
of the tree. The setof featuresof the clustercorrespondingo theith tree nodeare storedin the
externalidsarraystartingat locationi * nfeatuesup to location(but excluding) (i + 1) x nfeatues
The setof featuredor eachclusterarereturnedn decreasingmportanceorder The numberingof
thereturnedcolumnsstartsfrom zero. The applicationis responsibldor allocatingthe memoryfor
thisarray
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Note

extemalwgts
An array of size 2*nclustes*nfeatuesthat returnsthe weight of eachone of the discriminating
featuregeturnedn theexternalidsarray Theweightof thefeaturesstoredin theith locationof the
externalidsarrayis returnedn theith locationof the externalwgtsarray Theweightsarenumbers
betweerD.0and1.0andrepresenthefractionof thedissimilaritybetweerthe clusterandtherestof
theobjectsthateachparticularfeatureis responsibldéor. Theapplications responsibldor allocating
thememoryfor this array

Thevariousvaluesfor thesimfun rowmodelandcolmodebarameteraredefinedn cluto. h, andthisheader
file mustbeincludedin all programghatuseCLuTO s library.

In orderfor this routineto get theaccuratesetof featuredor a particularclusteringsolution,the valuesfor the
rowmode| colmode] and colprune nclustes, part, andptree parametershouldbe identicalto thoseusedto
computethe clusteringsolutionandbuild the hierarchicabgglomeratie tree.
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6 System Requirements and Contact Information

CLuTO is written in ANSI C and hasbeenextensvely testedunderLinux, Solaris,and Windows. At this point
CrLuTtOo’sdistributionis only in a binaryformat,asit is actively underdevelopment However, we expectto make the
sourcecodeavailablein futurereleases.

Eventhough,CLUTO containsno known bugs,it doesnot meanthatall of its bugshave beenfoundandfixed. If
you find ary problems pleasesendemailto karypis@cs.umn.edwith a brief descriptionof the problemyou have
found.Also, ary futureupdatedo vcluster will bemadeavailableon WWW athttp://wwwcs.umn.edu/ karypis/cluto

7 Copyright Notice and Usage Terms

TheCLuTO packagés copyrightedby theRegentsof theUniversityof Minnesotalt canbefreelyusedor educational
andresearclpurposesy non-profitinstitutionsand US governmentagencieonly. Otherorganizationsareallowed
to useCLUTO only for evaluationpurposesandary furtheruseswill requireprior approsal. The software may not
be sold or redistributedwithout prior appraval. Onemay male copiesof the softwarefor their use preidedthatthe
copiesarenotsoldor distributed,areusedunderthe sametermsandconditions.

As unestablishedesearchsoftware,this codeis providedon an*“asis” basiswithout warrantyof ary kind, either
expressedr implied. The downloading,or executingary partof this software constitutesan implicit agreemento
theseterms.Thesetermsandconditionsaresubjectto changeat ary time without prior notice.

References

[1] SudiptoGuha,Rajeer Rastogi,andKyuseokShim. CURE: An efficient clusteringalgorithmfor large databasesin Proc. of
1998 ACM-SIGMODiInt. Conf on Managementof Data, 1998.

[2] G.Karypis,E.H.Han,andV. Kumar ChameleonA hierarchicalclusteringalgorithmusingdynamicmodeling. IEEE Com-
puter, 32(8):68—751999.

[3] G.KarypisandV. Kumar hMETS 1.5: A hypergraplpartitioningpackage Technicakeport,Departmenbf ComputerScience,
University of Minnesota, 1998. Availableon the WWW at URL http://wwwcs.umn.edu/"metis

[4] G.KarypisandV. Kumar MeTS 4.0: Unstructuredyraphpartitioningandsparsematrix orderingsystem.Technicalreport,De-
partmeniof ComputerScienceJniversity of Minnesota, 1998. Availableon the WWW atURL http://wwwcs.umn.edu/"metis

[5] Y.ZhaoandG. Karypis. Comparisorof agglomeratie andpartitionaldocumentlusteringalgorithms.In SIAM(2002)work-
shopon ClusteringHigh-dimentionalData and Its Applications 2002. Also availableastechinicalreport#02-014,university
of Minnesota.

[6] Ying Zhaoand Geoge Karypis. Criterion functionsfor documentclustering: Experimentsand analysis. TechnicalReport
TR #01-40,Departmenbf ComputerScience University of MinnesotaMinneapolis,MN, 2001. Availableon the WWW at
http://cs.umn.edu/ karypis/publicatians

64



